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Remote sensing based monitoring of land change is a prerequisite to reduce the negative 
impacts of global environmental change. However, available monitoring methods suffer 
from spatial and/or temporal limitations. The opening of the Landsat archive, 
advancements in data quality, processing algorithms and capabilities, can improve pattern-
process understanding if these limitations are overcome. The overall aim of this 
dissertation was first, to develop and apply methods that better utilize the rich Landsat 
record and then, to map and quantify land change in the Carpathian ecoregion since 1985. 
The secondary objective is to investigate how the collapse of socialism and accession to 
the European Union (EU) affected regional land change. First, a trajectory based change 
detection approach was used to investigate how increased observation frequency helps 
understanding how forest ownership changes affected forest disturbance dynamics. 
Second, compositing algorithms are developed to facilitate mapping and change detection 
over large areas. This allowed assessing changes in forest cover and agriculture. Results 
showed that overall the collapse of socialism led to drastic declines in forest disturbances 
and simultaneously to widespread cropland abandonment. Forest cover overall expanded 
but excessive harvesting prevailed in certain areas, due to combined effects of land use 
legacies, natural disturbances and forest management. Following the EU accession, 
disturbance levels increased compared to the transition years, potentially relating to a re-
established forestry sector with access to EU timber markets. Abandoned cropland was 
recultivated throughout the Carpathians during the most recent years, likely influenced by 
the EU Common Agricultural Policy and increasingly by global markets. This dissertation 
exemplifies the value of the Landsat archive for land change research which can improve 




Fernerkundungsbasiertes monitoring von Landnutzungswandel ist eine 
Grundvoraussetzung um die negativen Auswirkungen globaler Umweltveränderungen zu 
reduzieren. Verfügbare Methoden sind allerdings räumlichen und/oder zeitlichen 
Einschränkungen unterworfen. Die Öffnung des Landsat Archivs, verbesserte 
Datenqualität, sowie fortgeschrittene Algorithmen und Kapazitäten für die 
Datenprozessierung erlauben verbessertes Verständnis von Muster-Prozess 
Zusammenhängen, falls diese Einschränkungen überwunden werden. Das Ziel dieser 
Dissertation war es, Methoden zu entwickeln und anzuwenden, die eine bessere Nutzung 
des umfangreichen Landsat Archivs ermöglichen, um Landnutzungswandel in den 
Karpaten seit 1985 zu kartieren und quantifizieren. Das sekundäre Ziel war es zu 
untersuchen, wie der Zusammenbruch des Sozialismus und der Beitritt zur Europäischen 
Union den regional Landnutzungswandel beeinträchtigt hat. Dafür wurde zunächst ein 
zeitreihenbasiertes Verfahren genutzt, um zu untersuchen inwiefern eine verbesserte 
zeitliche Auflösung zu einem besseren Verständnis führt und wie sich 
Waldstörungsdynamiken während der Umstrukturierung von Forstbesitzverhältnissen 
entwickeln. Außerdem wurden Compositing Algorithmen entwickelt, um großflächige 
Ableitung von Landnutzung und deren Veränderungen zu ermöglichen. Diese erlaubten es, 
die regionalen forst- und landwirtschaftlichen Veränderungen zu quantifizieren. Die 
Ergebnisse zeigten, dass das Ende des Sozialismus zu einer drastischen Reduzierung der 
Waldstörungen geführt hat und gleichzeitig weitflächig Ackerland aufgegeben wurde. 
Insgesamt nahm die Waldfläche leicht zu aber übermäßige Störungen wurden in 
verschiedenen Gebieten beobachtet, vermutlich verursacht durch den kombinierten Effekt 
forstwirtschaftlicher Vermächtnisse, natürlicher Störungen sowie Waldbewirtschaftung. 
Nach dem EU-Beitritt nahmen Störungsdynamiken in den Karpatenwäldern im Vergleich 
zu den ersten Übergangsjahren wieder zu, was auf neuorganiserte Forstwirtschaft mit 
Zugang zu dem EU Markt hindeuten kann. Ehemals aufgegebene Ackerflächen in den 
gesamten Karpaten wurden in den letzten Jahren vermehrt wiederbewirtschaftet, 
wahrscheinlich bedingt durch die Agrarpolitik der EU sowie einen zunehmenden Einfluss 
globaler Märkte. Die vorliegende Dissertation veranschaulicht die Bedeutung des Landsat 
Archivs für die Landnutzungsforschung und verdeutlicht, wie dieses Archiv potentiell zu 
einem verbesserten Verständnis des globalen Umweltwandels beisteuern kann und daher 
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1 Land use and global environmental change 
The use of land and the utilization of natural resources are essential elements of human 
existence (Vitousek 1997; DeFries et al. 2004; MEA 2005). With the onset of agriculture 
humans began using land to cultivate plants, graze domesticated animals, and eventually 
started to trade after achieving production surpluses. Since the industrial revolution, the 
scope of human activities has been amplified through the exploitation of fossil energy 
sources, and the rampant increase of the world population, enabled mainly through 
innovations that allowed for global transport and trade as well as the mechanization of 
agriculture and production systems but also better nutrition and medical advancements 
(Steffen et al. 2007). The continuous population growth over the past century and the 
accompanied increasing demand for food has generally been met, partly thanks to the 
‘Green revolution’, i.e., the production and application of industrial fertilizers and 
pesticides, new crop varieties, and use of irrigation systems (Tilman et al. 2011). These 
achievements allowed for an unprecedented portion of the world population to prosper and 
become increasingly affluent, but this also amplified the demand for natural resources 
especially food, fiber, fuel and fresh water (Godfray et al. 2010). As a result, the scope of 
human activities on Earth has started jeopardizing the functioning of central components of 
the Earth System (Lenton et al. 2008; Rockstrom et al. 2009), ultimately threatening 
human well-being (GLP 2005; MEA 2005). 
The appropriation of nature by humans and the conversion of natural ecosystems to 
provide specific human requirements are global in scale (Vitousek 1997; Kareiva et al. 
2007). About half of the terrestrial land surface is currently used as cropland or pastures 
(Kareiva et al. 2007). The list of negative environmental impacts caused by the increasing 
influence of human activities on Earth is extensive. Most prominent and overarching, the 
accumulation of greenhouse gases in the atmosphere can be linked to human activities and 
is accelerating global climate change which in turn affects ecosystems and their 
functioning (IPCC 2000; Houghton 2003; GLP 2005; IPCC 2007). Agricultural land use 
accounts for the greatest consumption of freshwater and simultaneously degrades the 
quality of surface and ground waters (Bennett et al. 2001). The natural geochemical cycles 
of Nitrogen and Phosphorous have been drastically altered, and the riverine transport of 
agricultural fertilizer runoff has led to extensive ‘dead zones’ near many marine estuaries 
(Diaz and Rosenberg 2008). Land changes (i.e., changes in land use and/or land cover) also 
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alter the radiative properties of land surfaces and thus affect water and energy balances, 
and aggregated to larger scales these changes affect regional climates (IPCC 2000; Foley et 
al. 2003; Bonan 2008). Current rates of species extinctions are unprecedented in Earth's 
recent past and are mainly driven by habitat destruction and are amplified by climate 
change (Vitousek 1997; Sala et al. 2000; Bellard et al. 2012). More than half of the world’s 
forests have been cleared with direct consequences for the climate system mainly through 
alterations of the global carbon cycle (FAO 2010; Pan et al. 2011). Forest plantations are 
increasingly replacing natural forests but often only provide a fraction of the environmental 
benefits that are provided by natural forests (Chazdon 2008; Paquette and Messier 2010). 
The transformation of natural ecosystems thus has far reaching consequences, and land 
change has become a principal driver of global environmental change (Foley et al. 2005). 
These transformations of natural ecosystems are of concern though due to the dependence 
of humanity on the goods and services that those ecosystems provide (Daily et al. 2000; 
MEA 2005; Turner et al. 2007). Such ecosystem services include water purification, 
pollination, climate regulation, and these services enable and support life on Earth. When 
humans convert ecosystems to a specific type of land use (e.g. agriculture or urban areas), 
existing ecosystem services are diminished in favor of the targeted service, for example 
food or timber production (DeFries et al. 2004; Foley et al. 2005). In order to mitigate the 
negative consequences of future land use on ecosystem functioning (Nagendra et al. 2013), 
it is important to understand where and why land change occurs. Unfortunately though, we 
are far from thoroughly understanding the drivers of land change globally or where these 
changes occur (DeFries et al. 2004; Foley et al. 2005; Lambin and Meyfroidt 2010). This 
dissertation makes a contribution towards filling these knowledge gaps. 
Generally speaking, land change is driven by a variety of influences operating at different 
temporal and spatial scales and which are often interlinked (Lambin and Geist 2006b). 
These drivers include direct or proximate causes (e.g., fuel wood extraction or cropland 
expansion driving deforestation locally), as well as root or underlying causes (e.g., 
migration dynamics or subsidy policies). While proximate causes of land change are 
predominantly linked to the local scale, underlying causes can also operate from the 
regional, national and even global scales and modulate the intensity of proximate causes. 
Understanding the influence of proximate causes on land change processes can be achieved 
through spatial analytical methods, such as provided through GIS and spatial statistics, but 
identifying the underlying causes of land change is more difficult, partly because data on 
land change is commonly not available over large spatial scales or for longer time periods. 
Chapter I 
4 
Conceptual models can help to improve our understanding of land change (DeFries et al. 
2004; Rudel et al. 2005; Lambin and Meyfroidt 2010). Land use transition theory, for 
example, assumes that land systems (i.e. the amalgamation of land use and land cover 
within a country or region) undergo different stages of varying land use intensity 
depending on their level of socio-economic development. Land systems in an early stage of 
their developments (e.g. agricultural frontiers) are dominated by natural ecosystems with 
an increasing share of clearings to establish settlements and subsistence agriculture. As 
economic and societal development progresses, natural and subsistence landscapes are 
progressively replaced by more intensive agricultural production systems and urban areas, 
until ultimately the only larger tracts of remaining natural ecosystems are protected areas. 
Forest transition theory illustrates how land systems can undergo non-linear land use trends 
(Mather et al. 1999; Rudel et al. 2005; Rudel et al. 2010). In many countries, forest cover 
first declines with increasing population and socio-economic development. After reaching 
a low point, however, net forest cover increases again. Different causal mechanisms have 
been proposed to explain this transition (Rudel et al. 2005; Lambin and Meyfroidt 2010). 
According to one school of thought, scarcity of forest resources leads to ecosystem 
degradation, increasing environmental problems (e.g. floods, landslides, soil erosion), 
which in turn create greater societal awareness regarding the importance of forest 
resources. This awareness then triggers policy interventions that increase national forest 
cover. Other explanations suggest that increasing economic development and innovation 
are the main causes of the forest transition, since they lead to more employment in the 
service sector as well as to the intensification and spatial concentration of agriculture on 
more fertile lands and thus eventually to the abandonment and subsequent reforestation of 
marginal lands. 
Land systems are generally assumed to gradually transition through different 
developmental stages, but key events can cause land systems to rapidly shift between 
different stages or even overleap stages entirely (DeFries et al. 2004). Such drastic, non-
linear shifts in land use systems can be triggered by profound changes in socio-economic 
and institutional conditions (Hostert et al. 2011a). For example, wars or revolutions can 
lead to migration of large population segments and thus decrease the degree of land use in 
a given area (Dudley et al. 2002; Machlis and Hanson 2008). Conversely, technological 
innovation can suddenly lead to increased profitability of agricultural commodities thereby 
accelerating deforestation driven by cropland expansion (Zak et al. 2008). Similar to 
natural ecosystems, such drastic events can shift land systems onto new long-term land use 
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trajectories (Scheffer et al. 2001; Dearing et al. 2010). Studying land change under rapidly 
changing socio-economic conditions might reveal insights regarding the role of broad scale 
underlying drivers of change. Such a better understanding of such drastic changes is 
needed to better forecast land change globally and thus mitigate the negative impacts of 
global environmental change (Steffen et al. 2004). The collapse of the Soviet Union and of 
the socialist regimes in Eastern Europe represents a unique opportunity to study land 
change during drastic socio-economic transformations. 
Other factors currently challenging our understanding of land change relate to the 
increasing interconnectedness of the world and especially the globalized trade and 
production systems, which make the underlying drivers for land change increasingly 
important (Meyfroidt et al. 2013). Distant markets increasingly influence local or regional 
land use decisions (Barona et al. 2010), globalized consumption and production systems 
demand more natural resources from distant countries and thereby externalize their land 
use requirements (Meyfroidt et al. 2010; Weinzettel et al. 2013). Countries with scarce 
arable lands are increasingly involved in large scale land acquisitions and investments in 
agro-enterprises abroad (Rulli et al. 2013). 
In summary, land use is a central component of global environmental change and a better 
understanding of where and when land change occurs is a prerequisite for creating more 
sustainable land systems. Additionally, a better understanding of what drives land change 
globally is needed in order to anticipate future developments and mitigate ecosystem 
degradation. The general pattern of land change globally is that land conversions (i.e., 
categorical change of land use or cover types) predominantly occur in developing 
countries, while industrialized nations increasingly experience land use modifications (i.e. 
changes within a land use / land cover category), especially the intensification of land use 
on productive land and the abandonment of marginal lands. Yet, drastic socio-economic 
perturbations can cause severe and non-linear land change responses. Moreover, distant 
global forces increasingly drive land change locally and an escalating scarcity of arable 
lands increases competition over land resources globally. A key piece of refining land 
change theories is the improvement of land change monitoring. This involves 
reconstructing past land change as well as setting up operational monitoring systems to 
track present and future land change, and to develop new remote sensing approaches to 
monitor not only land conversions, but also land use modifications.  
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2 Remote sensing based land change monitoring 
Since the advent of modern earth observation in the 1970s, remote sensing has greatly 
advanced in terms of the variety of available sensors, the derived products, and the diverse 
fields of its application (Lillesand and Kiefer 2000; Xie et al. 2008). First and foremost, 
remote sensing observations are temporally and spatially explicit, they are synoptic in that 
they capture large areas irrespective of political or ecological boundaries, and they are 
repeatable and often have been acquired over long time periods and therefore allow for 
assessing changes over time (Lu et al. 2004; Richards 2005; Richards and Jia 2005). It is 
due to these characteristics that remote sensing has become the most important tool to map 
and monitor land change.  
Today, a multitude of sensors operationally acquire data at different spatial scales, with 
different temporal and spectral characteristics. Among these, Landsat satellites are unique 
in several aspects (Goward and Masek 2001; Loveland and Dwyer 2012). Landsat imagery 
covers the most important spectral regions needed for terrestrial applications. The spatial 
resolution of the more recent sensors provides a good compromise between the area 
coverage of an image (roughly 185 x 185 km) and the spatial resolution (30 x 30 m), which 
is well suited to monitor changes in natural and man-made environments (Cohen and 
Goward 2004; Wulder and Masek 2012). Landsat data provide the longest, continuous 
record of earth observation imagery and the global Landsat archive currently contains more 
than 4 million scenes. Imagery has been continuously acquired since 1972 in the case of 
the Multispectral Scanner system, and since 1982 with the Thematic Mapper instruments, 
and this long-term data record allows for retrospective land change assessments over 
several decades (Williams et al. 2006). Additionally, persistent research and engineering 
efforts have focused on maximizing spatial and radiometric consistency across sensors and 
platforms, further contributing to the exceptional suitability of Landsat data for land 
monitoring applications (Markham et al. 2004; Chander et al. 2009). 
Analytical methods for performing change detection and mapping of land change with 
Landsat imagery have progressed greatly since the beginning of the Landsat program 
(Singh 1989; Coppin et al. 2004). The fundamental basis of most of these change detection 
approaches are sets of multi-temporal imagery that are compared in different ways in order 
to extract spectral differences that are associated with changes in land cover (Lu et al. 
2004). The majority of established change detection approaches focus on one or several 
pairs of images (Coppin et al. 2004; Kennedy et al. 2007). Such approaches have several 
shortcomings because detailed spatial and temporal aspects of these changes remain 
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unknown. Moreover, while land conversions are well captured with such approaches, 
because there is sufficient spectral change, subtle processes such as land cover 
modifications or long-term trends such as forest degradation, are difficult to map using 
pairs of multi-temporal imagery. In recognition of these shortcomings, first Landsat time 
series approaches compiled longer sequences of imagery and aimed at quantifying long 
term and often subtle trends in the data, commonly utilizing regression approaches (Hostert 
et al. 2003; Roder et al. 2008b).  
Another common drawback of many change detection approaches is that they analyze one 
footprint at a time, and heavily rely on the availability of could-free imagery. In many 
regions, such imagery is difficult to obtain. On the one hand due to persistent cloud 
coverage and on the other, because Landsat satellites have a repeat cycle of 16 days 
(NASA 2009), and thus the actual number of images may be lower than potentially 
achievable, according to the long term acquisition plan and especially for areas outside the 
United States (Ju and Roy 2008). Finally, until recently Landsat data were expensive to 
obtain which additionally limited the applicability of approaches that utilized larger 
collections of imagery (Hansen et al. 2008).  
Many of the limitations outlined above disappeared when the United States Geological 
Survey (USGS) provided Landsat data for free, starting in 2008 (Woodcock et al. 2008). 
Besides access to formerly expensive data at no cost, imagery now was provided with 
unprecedented absolute and relative geometric accuracy (Wulder et al. 2012). Additionally, 
new highly automated preprocessing algorithms for atmospheric correction, radiometric 
normalization and cloud/shadow masking were developed (Masek et al. 2006; Zhu and 
Woodcock 2012). These developments were accompanied by considerable increases in 
computational performance and data storage capacity. These factors jointly opened many 
new opportunities for the use of Landsat data for land change studies. For example, 
analyses algorithms can now incorporate and consider individual pixels rather than using 
entire scenes, thus making partially clouded images potentially useful for analyses. In 
addition, much greater volumes of imagery could now be automatically converted into 
physically comparable absolute units, which improved the ability to spatially and 
temporally integrate large collections of images. 
The significance of the Landsat archive for land change research increased considerably as 
a consequence of these developments (Wulder et al. 2012). Furthermore, with most 
international ground station holdings now being consolidated into the USGS archive 
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(Loveland and Dwyer 2012), the new Landsat 8 satellite operationally acquiring imagery 
since May 2013 (Irons et al. 2012), and the upcoming European Sentinel-2 satellite which 
was developed to provide continuity to Landsat observations (Drusch et al. 2012), the 
importance of the Landsat archive for Earth sciences will only increase. This makes it both 
exciting and important to refine methods for both, temporally dense time series analyses 
for limited spatial extents, and change detection and mapping at full 30-m Landsat 
resolution at regional to continental scales. Developing such methods is far from trivial 
though, and some of the remaining technical challenges include implementing efficient 
mass data processing workflows, as well as integration of data from multiple sensors and 
spatial scales. Moreover, while many analytical methods are developed for cover types 
with predictable phenology (i.e., temperate forests), agricultural land change requires more 
sophisticated methodological approaches, especially in drylands, mountain areas, and the 
tropics. Finally, the intensification of land use is expected to become more prevalent in the 
near future, and remote sensing methods are much better at detecting land cover 
conversions rather than intensification (Kuemmerle et al. 2013). However, if these 
challenges are met, then the Landsat record will allow for a detailed reconstruction of past 
land change. The ability of generating consistent maps of land change processes at 30-m 
resolution and over large areas will advance our understanding of the causes of land 
change and improve the forecasting of future change and the mitigation of its negative 
consequences. 
3 The Carpathian ecoregion and recent socio-economic transformations 
The Carpathians are Europe’s largest continuous mountain range, extending in an arc shape 
over approximately 1,500 km in Central Eastern Europe (CEE), and covering parts of 
Austria, the Czech Republic, Slovakia, Poland, Hungary, Ukraine, Romania and Serbia 
(Figure I-1). The Carpathians feature a temperate-continental climate and overall lower 
elevations than the Alps. Within Europe the Carpathians hold special ecological 
significance. For example they are an important source of freshwater to a region 
considerably larger than the mountain range (Turnock 2002). Despite a long land use 
history, human impact is not as pervasive as in other European mountain regions 
(Anfodillo et al. 2008). They also represent Europe’s largest continuous temperate forest 
ecosystem, and contain some of the largest tracts of remaining unmanaged old growth 
forest, as well as a generally rich floristic diversity with high levels of endemic species 
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(UNEP 2007; Veen et al. 2010). Biodiversity is also very rich, and in terms of its fauna, 
includes several carnivore flagship species such as Lynx (Lynx lynx), Wolf (Canis lupus) 
and the largest population of Brown Bears (Ursus arctos) in Europe (Rozylowicz et al. 
2011). The Carpathians also have a rich cultural history featuring traditional low-intensity 
farming landscapes that provide habitat to a large variety of plants and mammals 
(Spulerova et al. 2011; Fischer et al. 2012). Moreover, the national economies of the 
Carpathian countries profit from agricultural and forestry land use, mining and increasingly 
from tourism (Björnsen Gurung et al. 2009). Approximately 16% of the Carpathians today 
are under some form of nature protection and different initiatives promote interdisciplinary 
research efforts to aid sustainable land use development in the Carpathian 
ecoregion(CERI2001). 
 
Figure I-1: Maps illustrating the geographic setting of the Carpathian ecoregion in Eastern Europe: 
(A) Overview map showing the regional political situation during the existence of the Soviet Union; 
(B) Overview map showing the most recent political setting and specifically the years when different 
countries were accessioned to the European Union; (C) The main map shows the Carpathian ecoregion and 
its terrain as well as todays political borders and populated places. 
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With regard to its socio-economic conditions, the Carpathian region experienced a 
turbulent history over the past century. Until World War I, most of the region belonged to 
the Austro-Hungarian Empire which led to a homogenization of land management and land 
use traditions (Munteanu et al. Submitted). Several independent states emerged during the 
inter-war period and land use trajectories generally diversified thereafter (Turnock 2002). 
Following the end of World War II (WWII), most Carpathian countries became either part 
of the Soviet Union (Ukraine), or satellite states with their own socialist governments, with 
the exception of Austria (Figure I-1(A)). More recently though, two episodes of major 
socio-economic transformations occurred in CEE, that deeply affected governance, 
institutions, policies and demography and had strong implications for the entire land 
systems in the Carpathians: First the collapse of socialism in 1991, and second the 
accession to the European Union after 2004. Both individual events differed in quality and 
magnitude, yet as both led to profound changes in political, societal and economic systems, 
I refer here to both as socio-economic shocks or disturbances (Hostert et al. 2011a). 
The first socio-economic shock occurred with the collapse of the Soviet Union in 1991 
after which the socialist regimes of the Eastern Block and CEE embarked on a series of 
institutional, economic and political transformations (Turnock 2002).These transformations 
included the establishment of political independence, transitioning from a state-led to a 
market driven economy, reforming collectivized production systems and creating a land 
tenure system. As such, these transformations affected land management and ownership 
and impacted the land system and affected the regional agricultural and forestry sectors in 
particular.  
The socialist collapse triggered what has been called ‘the most drastic period of land 
change in the 20th century’ (Henebry 2009). Land reforms were a central aspect of post-
socialist transformation with profound implications for land use. Following the end of 
WWII, forest land was largely collectivized under most communist regimes in the 
Carpathian countries (however, to a lesser extent in Poland). In terms of agricultural land, 
non-governmental ownership (e.g. private ownership or property of churches) persisted 
through the socialist period, yet to varying degrees in the individual countries. Irrespective 
of ownership, virtually all land was managed by the socialist regimes during the 
communist era, either through large collective farms or through state-led forest 
management enterprises. 
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After the collapse, individual countries followed different strategies to redistribute 
collectivized land, including distribution, market driven auctioning, and the legal land 
restitution processes (Lerman 2001; Weiss et al. 2012). As a consequence, forest and 
agricultural land ownership is today highly fragmented in many parts of the Carpathians. 
The forestry sector also faced many other challenging reforms during the transition. The 
entire forest management and timber processing industry was restructured and the logging 
industry in CEE declined considerably (Csóka 2005). However, due to weak governance 
and economic hardship during the transition period, illegal timber exploitation was 
widespread (Brandlmaier and Hirschberger 2005). 
Changes in the agricultural sector were as profound as in the forestry sector. The socialist 
agricultural production was based on large scale, collective farms mostly managing vast 
areas and utilized an essentially exhaustless workforce (Lerman 2004). Agricultural 
production relied heavily on subsidies, virtually all land was farmed including marginal 
areas, and Soviet outlet markets for agricultural commodities were guaranteed and 
provided stable input and output prices (Csaki 1990; Lerman et al. 2002). Following the 
collapse of the Soviet Union, all of these supporting components of the socialist 
agricultural production system vanished. The market and price liberations that were part of 
the transition to market economies made agricultural production no longer economically 
viable. Moreover, large population segments, especially young people, migrated to urban 
centers or abroad (Müller and Munroe 2008). As a consequence agricultural production 
decreased throughout CEE during the transition period. 
The second socio-economic shock that strongly affected the land systems in the 
Carpathians was triggered by the accession to the EU. Most Carpathian countries (except 
Ukraine and Serbia) became members of the EU in 2004 (Romania was accessioned in 
2007 and Austria had been a member since 1995, compare Figure I-1(B)). Forestry and 
agricultural sectors of the accession countries now benefited from being part of the 
European market. However, forest management and the timber industries now had to 
comply with European forest legislations including the guiding principles of sustainable 
forestry in Europe with regard to biodiversity and other ecosystem services, such as carbon 
sequestration (UNECE and FAO 2011).  
With the EU accession, the agricultural sectors of most Carpathian countries were covered 
by the EU’s Common Agricultural Policy (CAP) under which farmers receive subsidies for 
the land they manage for agricultural production. On the other hand, the EU environmental 
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directives and the CAP provided incentives to control pests, curb the use of pesticides, 
preserve soil quality and improve water management in the accession states (World Bank 
2007). The most recent reform of the CAP links payments to environmental conditions and 
sustainable production, which will again affect agricultural production in the accession 
states. Finally, the Natura2000 habitat directive requires the designation of special 
protection areas in order to preserve rare and threatened habitats within European 
landscapes and the new member states were obliged to propose such candidate areas which 
have direct effects on land use (Stancioiu et al. 2010).  
In summary, the Carpathians are of unique ecological value within Europe, harboring high 
levels of biodiversity and providing a wide array of ecosystem services to an area much 
larger than the actual mountain range. While the region has a long land use history, which 
is likely to still affect the land systems today, the post-socialist transformation processes 
and the subsequent accession to the EU had profound impacts on land use and especially 
on the agricultural and forestry sectors. While it is commonly understood that the collapse 
of socialism resulted in drastic declines in both sectors, the rates and spatial patterns of 
land change remain largely unclear. The main consequences of the EU accession on 
agriculture and forestry are even less understood. Studying land change in the Carpathians 
thus may provide insights into the effects of socio-economic perturbations on land systems. 
While several case studies have addressed land changes for smaller areas, land change 
research across the Carpathians as a whole is still missing (Björnsen Gurung et al. 2009; 
Kozak et al. 2011). This is unfortunate, because the ecoregion spans several political 
borders, and that studying land change across administrative boundaries potentially allows 
for insights regarding the role of underlying drivers of land change (Kuemmerle et al. 
2008). 
4 Overall aim, research questions and methodological approach 
The primary objective of this dissertation was to develop and apply new remote sensing 
based methods for land change monitoring that make better use of the rich Landsat archive 
and specifically improve the temporal detail and spatial coverage of these methods. The 
secondary objective was to map and analyze rates and spatial patterns of land change in the 
Carpathians since 1985 and to interpret these changes against the background of recent 
socio-economic transformations, namely the post-socialist transition and the EU accession.  
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The Carpathians offer unique research opportunities and the effects and outcomes of the 
most recent transformation processes on the regional land system are not well understood. 
This is unfortunate as such understanding might reveale insights regarding the role of 
underlying drivers of land change. Remote sensing is the key technology for land change 
monitoring and the Landsat archive offers new analyses approaches. Alternative data 
sources are not readily available, often not spatially explicit, and commonly not 
comparable among countries or time periods. Yet, the required methodological toolset to 
map and quantify land change over the Carpathians with Landsat data is not readily 
available, as existing methodologies are commonly impeded by temporal and/or spatial 
constraints. Thus, in order to better understand rates and spatial patterns of land change in 
the Carpathians, the temporal interval of observation needs to be improved and the spatial 
coverage of the analyses has to be extended to ideally enclose the entire Carpathian 
ecoregion. Chapter II of my dissertation targets these temporal aspects by addressing: 
Research Question I (Dissertation chapter II): How can refined image analysis approaches 
better utilize the temporal depth of the Landsat archive in order to improve our 
understanding of how rates and patterns of forest disturbance changed during massive 
ownership changes? 
I answer this question by employing a trajectory-based change detection approach with 
near-annual resolution to assess how three successive stages of the forest restitution in 
central Romania affected the utilization of forest resources. I specifically investigate how 
forest disturbance rates and patterns changed after the collapse of socialism and how three 
individual forest restitution phases affected disturbance rates and patterns. Finally, I 
examined differences in the frequency and extent of forest disturbances among state, 
community, and privately owned forest lands. Subsequently, I addressed: 
Research Question II (Dissertation chapter III): How can image datasets of regional extent 
be derived from the Landsat archive and how can these datasets be used for broad-scale 
land cover mapping and change detection? 
Extending land monitoring and change mapping capabilities beyond the scale of single 
Landsat footprints requires new methodological developments. Besides prohibitive data 
costs and insufficient processing capabilities, other factors that constrained Landsat 
analyses in the past were the seasonal timing of the imagery and differences in atmospheric 
conditions among image acquisition dates. This is a problem because using imagery from 
different seasons (e.g., mid summer and late autumn) in classic change detection is likely 
Chapter I 
14 
going to result in false positive errors due to differences in vegetation phenology. With the 
availability of fully automated atmospheric correction and cloud masking algorithms, 
Landsat observations can now for the first time expediently be considered on the per-pixel 
basis. Consequently, I extended processing approaches that were initially developed for 
high temporal frequency sensors in order to derive new, regional data sets from the Landsat 
archive, and described this new approach in my Chapter III. 
The algorithmic toolset developed in Chapter III is then put into value in two subsequent 
chapters that target the analysis of land change across the entire Carpathian ecoregion, 
specifically the mapping and analysis of regional forest dynamics as well as agricultural 
land change processes. First, my Chapter IV addresses regional forest cover dynamics: 
Research Question III (Dissertation chapter IV): What were the rates and spatial patterns 
of forest cover changes in the Carpathians since 1985?  
Forest and agricultural changes are to a certain extent complementary to each other and 
therefore need to both be assessed in order to fully understand land change dynamics in the 
Carpathians since the mid1980s. Yet, both processes are very different in terms of their 
spectral-temporal characteristics and therefore require specifically tailored analysis 
approaches. Therefore, Chapter V investigates: 
Research Question IV (Dissertation chapter V): What were the rates and spatial patterns of 
agricultural land change in the Carpathians since 1985? 
In Chapter IV I specifically assessed changes in the distribution of broad forest types as 
well as the rates and patterns of forest disturbances and subsequent forest recovery are 
addressed. The research study presented in Chapter V of my dissertation investigates the 
main changes in agricultural land use over the Carpathian ecoregion. Several land 
cover/land use trajectories were aggregated to broader process classes and these were then 
compared against the environmental and agro-ecological characteristics of the localities 





  Introduction 
15 
5 Structure of this dissertation 
This dissertation consists of six chapters. This introduction is followed by four core 
research chapters (Chapters II-V) that have been outlined in the previous section. 
Chapter VI provides a synthesis of the entire thesis, summarizing the main outcomes of the 
individual research chapters and providing answers to the research questions. Finally the 
main conclusions are drawn. 
The core research chapters (Chapters II – V) were prepared for publication within 
international peer reviewed research journals, two of them have been published already, a 
third is accepted, and the last in review: 
Chapter II: Griffiths, P., Kuemmerle, T., Kennedy, R.E., Abrudan, I.V., Knorn, J., & 
Hostert, P. (2012). Using annual time-series of Landsat images to assess the 
effects of forest restitution in post-socialist Romania. Remote Sensing of 
Environment, 118, 199-214. 
Chapter III: Griffiths, P., van der Linden, S., Kuemmerle, T., & Hostert, P. (2013). A 
Pixel-Based Landsat Compositing Algorithm for Large Area Land Cover 
Mapping. IEEE Journal of Selected Topics in Applied Earth Observations 
and Remote Sensing, PP, 1-14. 
Chapter IV: Griffiths, P., Kuemmerle, T., Baumann, M., Radeloff, V. C., Abrudan, I.V., 
Lieskovský, J., Muntenau, C., Ostapowicz, K., & Hostert, P. (accepted). 
Forest disturbances, forest recovery, and changes in forest types across the 
Carpathian ecoregion from 1985 to 2010 based on Landsat image 
composites. Remote Sensing of Environment. 
Chapter V: Griffiths, P., Mueller, D., Kuemmerle, T., & Hostert, P. (in review). 
Agricultural land change in the Carpathian ecoregion after the breakdown of 





   
17 
Chapter II: 
Using annual time-series of Landsat images to 
assess the effects of forest restitution in post-
socialist Romania 
Remote Sensing of Environment 118 (2012) 199-214 
 
 
Patrick Griffiths, Tobias Kuemmerle, Robert E. Kennedy, 


































© 2011 Elsevier Inc. All rights reserved. 
doi: 10.1016/j.rse.2011.11.006 
Received 09 August 2011; revised 08 November 2011;  




The increasing availability of the Landsat image archive and the development of 
approaches to make full use of these data provide novel insights into the drivers and 
dynamics of land use systems change. Focusing on Romania, we asked how the drastic 
institutional and socio-economic transformation after the collapse of socialism in Eastern 
Europe affected forestry. We used an annual time series of Landsat images to investigate 
how three phases of forest restitution affected forest disturbances (due to both, natural 
events and forest management). We employed the LandTrendr (Landsat-based detection of 
trends in disturbance and recovery) set of change detection algorithms to perform temporal 
segmentation and fitting of the Landsat time series, and derived annual disturbance maps 
(95.72% overall accuracy) along with recovery dynamics. Our change map suggested that 
forest disturbances increased substantially since the collapse of socialism in 1989, with 
75,000 ha of disturbed forest land (4.5% of the total studied forest area). Whereas the late 
socialist years were characterized by relatively low disturbance levels (12% of all detected 
disturbances), disturbances increased especially after each of the restitution laws were 
passed in 1991, 2000, and 2005 (34%, 21% and 32% respectively).  Non-state ownership 
regimes (i.e. private owners vs. public property of local communities) and species 
composition of restituted forests were two important factors determining disturbance 
levels. The widespread disturbances we found also raise concerns about timber 
overexploitation in many areas of the Romanian Carpathians. Our study demonstrates the 
value of the temporal depth of the Landsat archive and highlights that trajectory-based 
change detection approaches can be highly beneficial for gaining insights on the effect of 
institutional shocks on land use patterns. 
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1 Introduction 
Land use change is among the primary drivers of global environmental change, affecting 
ecosystem services and biodiversity, and thus ultimately human well-being (Foley et al. 
2005; MEA 2005). Until recently, land use changes were assumed to occur gradually, with 
land use systems transitioning from one state to another, often following similar 
intensification pathways as economic development progresses (DeFries et al. 2004). New 
paradigms for land use change are now evolving, recognizing that land use transitions (i.e., 
fundamental shifts in land use systems) can also occur very rapidly, sometimes following 
long periods of relative stability (DeFries et al. 2004; Lambin and Meyfroidt 2010).  
Sudden changes in land systems are particularly frequent in the case of drastic institutional 
or socio-economic transformations, for example, in the case of revolutions (Kuemmerle et 
al. 2007; Mueller et al. 2009), economic shocks (Sunderlin et al. 2001), failing states 
(Irland 2008), technological breakthroughs (Zak et al. 2008) and warfare (Dudley et al. 
2002; Machlis and Hanson 2008). Although remote sensing has been instrumental for 
understanding patterns of land use and land cover change, most change detection 
approaches (Coppin and Bauer 1996; Coppin et al. 2004) are not well-suited to detect such 
sudden changes or tipping points as they focus on the comparison of two points in time. 
Separating gradual changes from sudden ones, however, is challenging using such bi-
temporal approaches, and this represents a major obstacle for determining how and why 
land systems change (Dearing et al. 2010).  
The recent opening of much of the global Landsat archive by the United States Geological 
Survey (USGS) provides new opportunities to advance land use science and has sparked 
the development of new methodological approaches. For example, change detection 
methods based on annual Landsat time series (i.e. trajectory-based change detection 
methods) such as the Landsat-based detection of Trends in Disturbance and Recovery 
(LandTrendr) and the Vegetation Change Tracker (VCT) (Huang et al. 2010b; Kennedy et 
al. 2010) make better use of the temporal depth of the Landsat archive to reconstruct forest 
disturbance histories with annual resolution and to map trends, such as forest regeneration 
and succession. Likewise, annual time series of Landsat images can help to separate 
sudden from gradual vegetation change in rangelands (e.g., fires vs. grazing pressure - 
(Hostert et al. 2003; Roder et al. 2008a; Sonnenschein et al. 2011). New change detection 
approaches based on time series of Landsat images offer several methodological 
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advantages, including robustness against spectral variations arising from topography and 
phenology. Data availability issues are alleviated by choosing the best suited pixel from 
potentially many cloud-obscured images. Overall, trajectory-based methods should thus 
also provide opportunities to assess the effects of socio-economic disturbances, such as 
rapid political and institutional changes, on land use systems, but to our knowledge no 
study has used annual stacks of Landsat images for this purpose. 
The changes initiated by the collapse of socialism led to fundamental restructuring of the 
political-, social and economical systems in Central and Eastern European countries 
(Swinnen 1999; Lerman et al. 2002). This triggered widespread transformations in the 
countries land use systems, resulting for example in agricultural abandonment and 
extensification, rural depopulation and increased illegal logging of forests (Henebry 2009; 
Kuemmerle et al. 2009a). The question of land ownership and the re-privatization of 
formerly collectivized agricultural and forest land was among the key issues during the 
post-socialist phase and countries followed different strategies.  Regarding forest 
ownership, Romania opted for restitution to historically entitled owners or their heirs.  
Prior to 1948, forests belonged to the state (28%), were in private possession (23%) or 
were owned by local communities, religious or educational institutions or by forms of 
communal ownership (about 50%, so called public property) (Ioras and Abrudan 2006). 
During socialism (1948 - 1989), Romania’s forests were almost entirely owned by the state 
(here and in the following, ‘state’ refers to the federal/central government). Restitution was 
implemented in three distinct laws: law 18/1991 returned up to one ha to historically 
entitled private individuals (350,000 ha in total), irrespective of historic location or extend 
(Vasile 2009). The second law was passed in 2005 and favored public owners while 
constraining the restituted forest area for individuals (10 ha), churches (30 ha), and 
community members (20 ha). Since 2005 the third law aims at returning all remaining pre-
World War II not state-owned forest property. Once complete, up to 70% of Romanian 
forests will have been restituted, increasing the number of non state forest owners to 
800,000 (Lawrence 2005; Ioras and Abrudan 2006; Lawrence 2009). However, it remains 
unclear how the end of socialism and the restitution process have affected rates and spatial 
patterns of forest cover change. 
Realization of the restitution proved to be complex, often leading to confusion and 
frustration among prospective owners (Abrudan 2005; Vasile 2009) and concern has been 
expressed about forest utilization through new non state owners (e.g. immediate felling). 
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Today, forests can either be (1) state property, (2) public property owned by local 
communities, (3) private property of local communities or (4) private property of 
individuals or legal entities (associations, schools, churches) (Stancioiu et al. 2010). All 
forests are grouped into two functional categories: (1) protection forests and (2) protection 
and production forests (Anfodillo et al. 2008; Stancioiu et al. 2010). Protection forests 
serve important ecological functions (e.g. along water bodies) and limit economic benefits 
for owners. New forms of forest management include private forest districts (PFDs). These 
are associations of non-state forest owners providing coordinated management across 
larger areas of at least 3,000 ha. Currently, 126 of such associations exist. 
Our main goal was to use a trajectory-based change detection approach (LandTrendr) in 
order to assess the effects of the collapse of socialism and the Romanian forest restitution 
on forest disturbances. Disturbances here refer to intermediate to high intensity canopy 
disturbances caused by either natural events (e.g. wind throws, fire or spruce dieback) or 
forest management (e.g. clear cut harvesting, sanitary logging). Temporal segmentation 
and fitting of annual Landsat time series (LTS), the core features of the LandTrendr 
approach, provide great opportunities to better understand forest dynamics in Romania 
during recent decades, and thus will help researchers better understand how land systems 
respond to drastic institutional changes. Specifically, we ask the following research 
questions: 
- How have forest disturbance rates and patterns changed after the collapse of 
socialism? 
- How have the three individual forest restitution phases affected disturbance patterns? 
- Are there differences in forest disturbance rates and patterns between state, 
community, and privately owned forest land? 
2 Methods 
2.1 Study region 
Our study region comprises one Landsat footprint (path/row 183/028) in central-eastern 
Romania including large parts of the Transylvanian basin (Fig.1). Elevations extend up to 
2,545 m in the Fagaras Mountains in the southern Carpathians and up to 1,700 m in the 
Eastern Carpathian Mountains, whereas the Transylvanian basin has hilly terrain with 
elevations between 500 and 800 m. The bedrock comprises crystalline schist, sedimentary 
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rocks and some volcanic strata. The region is characterized by temperate continental 
climate. Average temperature is about 8°C and annual precipitation is about 650 mm but 
can be as high as 2,000 mm in the alpine zone. The majority of the study region’s land 
cover comprises forests and forestry has traditionally been an important component of the 
regional economy and a major source of rural income (Ioras and Abrudan 2006). Forests 
can be stratified by elevation into an alpine zone (>2,200 m) dominated by mountain 
meadows, a subalpine zone (1,800 – 2,200 m) with mostly dwarf pine (Pinus mugo) and 
juniper (Juniperus nana), a coniferous zone (1,300 – 1,800 m) and a deciduous and mixed 
forest zone below 1,300 m (Mihai et al. 2007). Coniferous forests are dominated by 
Norway spruce (Picea abies) and silver fir (Abies alba), whereas deciduous forests consist 
mostly of European beech (Fagus silvatica) with some birch (Betula pendula), hornbeam 
(Carpinus betulus) and Pedunculate oak (Quercus robur).  
 
Figure II-1: The study region’s terrain, populated areas and boundaries (main frame), location of the study 
region within the Carpathians (Carpathian Ecoregion Initiative boundaries) (top left), as well the distribution 
of broad forest types and private forest districts in the study region (lower left). 
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2.2 Image data and preprocessing 
We acquired a near-annual time series of Landsat TM/ETM+ images for the period 1984 -
 2010. We selected only images from the peak growing season (early June - mid 
September) and acquired multiple images from the same year if a cloud-free image was not 
available. Clouds and cloud shadows were masked from all images in the time series based 
on image differencing with a cloud-free reference image (Kennedy et al. 2010). For some 
years, (e.g. 1984 - 1991) cloud cover was extensive and we therefore also incorporated 
some spring/autumn images and used images from adjacent footprints (184/028 and 
182/028, 35% across-track overlap). We also included Landsat 7 SLC-off images for years 
after 2003, omitting scan line observations with missing values. 
Most images had already been orthorectified (L1T) by the USGS. For the period 1996 - 
1999, only one suitable L1T image was available. We therefore acquired three additional 
images from the European Landsat archive and co-registered them to the L1T images. This 
was done using ~1500 tie points located via automated point matching and considering 
both Landsat acquisition geometry and relief displacement (Aschbacher and Milagro-Perez 
2012). Co-registration resulted in an overall positional error <0.5 pixels. Our entire time 
series consisted of 52 images that were acquired at a median Julian day of 223 (August 
11th) with a standard deviation of 33 days. The earliest acquisition date was May 31st and 
the latest October 14th. Suitable images were unavailable for four years in the Landsat 
time series (1985, 1990, 1992 and 1997). 
We atmospherically corrected the image from August 27th 1998 using the COST method 
(Chavez 1996). Subsequently, all other images were radiometrically normalized to this 
reference based on the Multivariate Alteration Detection algorithm (Canty and Nielsen 
2008). After radiometric normalization, all images were transformed into Tasseled Cap 
(TC) space (Crist and Cicone 1984). Initial tests showed that full-canopy disturbances had 
highest contrast to undisturbed forests when using Tasseled Cap Wetness (TCW) (Cohen 
and Goward 2004) and only TCW worked equally well for very dark coniferous and bright 
deciduous forest canopies, both of which are common in our study area. 
2.3 Time-series segmentation procedure 
The preprocessed time series was then used as input to the temporal segmentation and 
fitting algorithms, which form the core of the LandTrendr approach and are described in 
detail in Kennedy et al. (2010). In sum, these procedures identify those sections of a pixel’s 
temporal profile, that feature a consistent spectral development (hereafter: segments) and 
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then fit a spectral trajectory that minimizes residual variation related to differences in 
illumination or phenology to that segment. Input for the segmentation and fitting 
algorithms is a best observation composite generated from the normalized TCW values 
(hereafter: source stack). This is done by selecting the one unmasked pixel value per year 
(from potentially many images) that was acquired closest to the median Julian day of the 
LTS. If no cloud-free observation for a given year was available, a no-data value was 
written into the source stack. Subsequently, the fitting algorithms were applied to the 
source stack and derived a simplified spectral description of the source stack trajectory 
(Fig.2) by using both, regression methods and point-to-point fitting (Kennedy et al. 2010). 
This resulted in a stack of annual fitted TCW images (hereafter: fitted stack), representing 
the basis for all further analyses. 
 
Figure II-2: Three examples of trajectories and related imagery. Images show an early, intermediate and late 
point in time (RGB=453). Trajectory locations are indicated by the crosshair. Source value trajectories are 
shown in blue (gaps indicate masked no data values), fitted trajectories are shown in red. 
2.4 Forest / non-forest map 
Analyzing the outputs of the LandTrendr segmentation and fitting procedures to map forest 
disturbances first requires separating forest (including disturbed and recovering forest) 
from permanent non-forest land. To do so, we derived Tasseled Cap greenness (TCG) and 
brightness (TCB) stacks using the fitted TCW values and the TC coefficients. For each 
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segment of a given pixel in the LTS, we calculated the Tasseled Cap angle index (Powell et 
al. 2010) as arctan(TCG/TCB). This index ranges from zero to 45 degrees as vegetative 
cover increases, taking advantage of the long-recognized distinctive shape of the Kauth-
Thomas brightness-greenness spectral space (Atzberger and Richter 2012; Malenovský et 
al. 2012). In order to exclude areas with high spectral variability over time (e.g. 
agricultural lands), we calculated the average and variability of each of the three TC 
components for a given pixel’s segment featuring the greatest angle index. Based on these 
six indices, we classified forest and non-forest land using Support Vector Machines (Pal 
and Mather 2005) and a total of 431 training samples. We excluded orchards and vineyards 
based on the CORINE land cover map (www.eea.europa.eu), as those caused false 
disturbance detections later on. Finally, we removed isolated forest patches of less than two 
ha (23 pixels), because such areas are functionally not forest (e.g. hedgerows, tree groups) 
and applied a minimum mapping unit of approximately one ha (11 pixels). 
2.5 Forest disturbance mapping 
The detection of forest disturbances was constrained according to the disturbance 
magnitude. To provide an approximation of vegetative cover, we transformed TCW values 
into percent vegetative cover estimates by linearly scaling the TCW values of bare ground 




=  − 
 (1) 
The upper and lower ends of the range (i.e. highVal and lowVal) are scene based and were 
empirically determined based on image interpretation and field visits. We were primarily 
interested in stand-replacing disturbances, and therefore extracted the largest disturbance 
segment from the fitted stack for each pixel in our forest mask. We mapped disturbances 
only if the relative disturbance magnitude exceeded 30% over one year and 5% over a 20 
year duration using a sliding scale for years in between. Relative disturbance magnitude 











=  (2) 
Additionally the pre-disturbance vegetation cover had to be at least 10%. A total of 22 
disturbance classes were mapped (1986 - 2010, no image data for four years). For each 
disturbance we derived the year of onset, relative disturbance magnitude, and the duration 
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of the disturbance event. For the disturbance map, we used a minimum mapping unit of 
0.63 ha (7 pixels), which is roughly the smallest forest management unit in 
Romania (0.5 ha). 
We combined the results of both analyses (separation of forest from non-forest areas, and 
disturbance detection) into a single map and carried out an accuracy assessment. To do so, 
we selected a stratified random sample of 30 points per disturbance class (i.e. disturbance 
year) and 300 points each for undisturbed forest areas and permanent non-forest land. For 
each disturbance class sample, we recorded the year of disturbance onset (or the absence of 
disturbances) based on the full Landsat time series visualized in TimeSync (Cohen et al. 
2010) and complemented through high-resolution imagery available in Google Earth. In 
cases where clouds or cloud shadows masked disturbances, disturbance onset was labeled 
as the first year when a disturbance could be detected by LandTrendr. Remaining points 
were interpreted as permanent non-forest if the sample location did not once represent 
forest throughout the LTS. Points were labeled as forest if they represented undisturbed 
forest cover. We calculated an error matrix and derived overall accuracies as well as 
omission and commission errors taking into account the area proportions of the classes to 
calculate area-adjusted accuracy measures (Card 1982). We calculated true area-estimates 
for all classes as well as the 95% confidence around these estimates (Cochran 1977). 
2.6 Growth and recovery mapping 
From the fitted stack we extracted all segments of vegetative increase where the change in 
cover was at least 15% and that occurred over a three to 26 year period (increase below 
three years was considered irrelevant, 26 years is the entire time span of the LTS). Based 
on these segments, we mapped areas of long forest growth (hereafter: growth areas) as well 
as areas recovering from a previous disturbances (hereafter: recovery). Note that our 
estimates of percent cover technically apply to all vegetation types, not strictly forest 
cover, and thus do not imply that forest had recovered to its pre-disturbance state, but that 
vegetative cover had reestablished. 
Disturbance recovery was assessed on the basis of individual disturbance patches.  Here we 
assessed the five year post disturbance recovery state in order to understand how far annual 
disturbance patches had regenerated. This was done by averaging the percent cover value 
of all pixels in an individual disturbance patch after five years after disturbance onset. We 
produced maps showing how much percent of the disturbance magnitude had recovered 
within individual disturbance patches after five years.  
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In order to quantify growth areas, pixels with trajectories increasing over at least 10 years 
or at least 20 years were summarized separately. These areas were not affected by any 
disturbances and we categorized two groups based on their absolute cover increase: (1) 
cover increase between 20% and 50%, and (2) cover increase between 50% and 100%. 
2.7 Analyzing rates and patterns of disturbance and recovery  
To summarize disturbance rates and patterns, we calculated the total disturbed area per 
year in our time series. Four years in our LTS lacked imagery and in order to avoid 
overestimating the amount of disturbances detected in years following such missing years, 
we split up disturbances equally among years when disturbances were detected and 
preceding no-data years (e.g., we distributed the total disturbed area mapped in 1986 
equally among 1985 and 1986, because no image was available in 1985). We calculated 
average disturbance areas for four periods: (a) late socialist period (1984 - 1989), (b) first 
restitution period (1991 – 1999), (c) second restitution period (2000 – 2004) and (d) third 
restitution period (2005 – 2010). 
We also calculated the number of disturbance patches, average patch recovery after five 
years, and mean patch size for each year by aggregating disturbed pixels using a clumping 
algorithm based on a four pixel neighborhood. We assessed the annual fraction of 
disturbance patches exceeding the three ha maximum allowed harvesting size (Brandlmaier 
and Hirschberger 2005) for each disturbance class. We assessed mean disturbance 
magnitude on a patch basis. Finally, we derived the percentage of annual patches 
exhibiting disturbance magnitudes above the all year mean magnitude value.  
2.8 Assessing the effect of ownership 
To compare forest disturbance patterns among forest ownership regimes, we acquired 
harvesting and ownership statistics which were available from the Romanian National 
Institute of Statistics for the 27 private forest districts (PFDs) in our study region. For each 
of these districts, administrative boundaries were available along with attributes such as the 
functional distribution of forests within (e.g. percentage of protection or production forest), 
species composition (from which we derived the ratio of deciduous and coniferous 
species), and the annual allowable cut for the year 2006 (i.e. the amount of timber 
permitted to be harvested with in PFD in a certain year) given separately for public and 
private PFD owners. For all years after 2006, we assumed that the area of a given PFD as 
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well as the above described attributes remained stable. Using our disturbance maps, we 










=   − 
 (3) 
Where DPFD(i) denotes the disturbed area in year i, FPFD denotes the forest area in a PFD as 
indicated by our forest mask and DPFD(<i) indicates the accumulated disturbed forest area 
until time i. We also related annual disturbance rates within PFDs to the species 
composition ratio of deciduous and coniferous trees to assess if forest composition 
influenced disturbance regimes. To explore whether disturbance levels changed within 
individual PFDs over time, we derived the percentage of disturbances occurring for the 
four time periods.  
3 Results 
The available imagery provided more than 21 cloud-free observations for >50% of pixels 
and at least 19 cloud-free observations for >80% of the study region. Only <0.2% of all 
pixels in the study region were covered by 10 or fewer cloud-free observations. Despite 
incorporating multiple images for most years, on average 13% of the study region was 
masked annually in the source stack due to prevalent cloud cover (often related to 
topography). Nevertheless, only 7% of the study region was masked in the source stack for 
10 out of 23 years (2004 was most severe with 67% of masked area).  
Our forest / non-forest analysis determined 1.66 million ha of the study region as forested 
(50% of the study region). The forest area comprised disturbed areas, as well as unforested 
areas that recovered to a forested condition only in the late years of the LTS. 
Approximately 1.4 million ha (88% of the delineated forest area) were permanent forests, 
i.e. neither mapped as disturbed nor as growth areas. 
The results of the segmentation and fitting algorithms suggest that both long-term forest 
cover trends (e.g. growth and recovery) as well as forest disturbances were successfully 
captured by LandTrendr (Fig.2). Segments depicted both, the timing of intermediate to 
high intensity disturbances as well as that of recovery trajectories well (Fig.2a & Fig. 2c). 
Likewise, long-term forest cover trends in undisturbed areas were captured well, often 
despite noisy source value trajectories or data gaps (blue lines in the plots of Fig. 2). 
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Table II-1: Summary of results of the accuracy assessment for the disturbance map showing omission and 
commission errors (NF = Stable non-forest, F = stable forest, OAC = overall accuracy). 
Year Omission Commission 
1986 0% 25.81% 
1987 12.15% 16.13% 
1988 39.53% 16.67% 
1989 5.32% 0.00% 
1991 0% 13.33% 
1993 11.45% 10.00% 
1994 0% 22.58% 
1995 6.17% 22.58% 
1996 7.88% 3.33% 
1998 9.83% 9.68% 
1999 1.87% 12.90% 
2000 21.39% 10.00% 
2001 2.58% 32.26% 
2002 4.75% 10.00% 
2003 4.39% 3.33% 
2004 8.37% 3.23% 
2005 0% 6.45% 
2006 6.10% 6.25% 
2007 0% 6.67% 
2008 5.86% 0.00% 
2009 0% 12.90% 
2010 2.21% 12.12% 
NF 4.73% 3.39% 
F 3.73% 4.83% 
OAC = 95.72% 
  
LandTrendr yielded a highly reliable disturbance map with an overall accuracy of 95.72% 
(Table 1). The stable forest and non-forest classes showed both omission and commission 
errors below 5%. Commission errors for the individual disturbance classes were generally 
low (mean = 11.6%, standard deviation = 0.08) with lowest errors for 1989 and 2008, and 
highest errors for 2001 and 1986. Similarly, omission errors were low (mean = 6.8%, 
standard deviation = 0.09) with greatest errors in 1988 and 2000 (Tables 1 and 2). The 
disturbance classes to the end of the LTS generally exhibited lower commission and 
omission errors. 
Our disturbance map (Fig.3) revealed that a total of 75,000 ha of forest was disturbed 
between 1986 and 2010, corresponding to 4.5% of the studied forest area. Overall, 
disturbances predominantly occurred in forests of the Eastern Carpathian Mountains and 
were spatially highly clustered around Covasna, Miercurea-Ciuc, Gheorgheni and 
Comanesti (subsets 4, 3, 1 and 2 in Figure 3 respectively). Additional disturbance hotspots 
appeared during more recent years in the Southern Carpathian Mountains (southwest of 
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Brasov, subset 5 in Figure 3). Disturbances were generally not very prevalent in the east of 
the study region. 
Table II-2: Confusion matrix resulting from the validation of the disturbance map (NF = stable non-forest; F 
= stable forest). 
  Reference  










1986 23 2 - - - - - - - - - - - - - - - - - - - - 2 4 31 
1987 - 26 4 - - - - - - - - - - - - - - - - - - - - 1 31 
1988 - 4 25 1 - - - - - - - - - - - - - - - - - - - - 30 
1989 - - - 30 - - - - - - - - - - - - - - - - - - - - 30 
1991 - - - - 26 3 - - - - - - - - - - - - - - - - 1 - 30 
1993 - 1 - - - 27 - 1 - - - - - - - - - - - - - - 1 - 30 
1994 - - - - - 2 24 2 - - - - - - - - - - - - - - 2 1 31 
1995 - - - - - - - 24 2 - - - - - - - - - - - - - - 5 31 
1996 - - - - - - - - 29 1 - - - - - - - - - - - - - - 30 
1998 - - - - - - - - 1 28 - 1 - - - - - - - - - - 1 - 31 
1999 - - - - - - - - 1 - 27 - - - - - - - - - - - - 3 31 
2000 - - - - - - - - - 1 1 27 1 - - - - - - - - - - - 30 
2001 - - - - - - - - - - - 2 21 1 - - - - - - - - 1 6 31 
2002 - - - - - - - - - - - - - 27 2 1 - - - - - - - - 30 
2003 - - - - - - - - - - - - - - 29 1 - - - - - - - - 30 
2004 - - - - - - - - - - - 1 - - - 30 - - - - - - - - 31 
2005 - - - - - - - - - - - - - - - - 29 - - - - - - 2 31 
2006 - - - - - - - - - - - - - - - 1 - 30 - - - - - 1 32 
2007 - - - - - - - - - - - - - - - - - 1 28 1 - - - - 30 
2008 - - - - - - - - - - - - - - - - - - - 30 - - - - 30 
2009 - - - - - - - - - - - - - - - - - - - 1 27 1 - 2 31 
2010 - - - - - - - 1 - - - - - - - - - 1 - - - 29 - 2 33 
NF - - - - - - - - - - - - - - - - - - - - - - 285 10 295 
F - - - - - - - - - - - - - - - - - - - - - - 14 276 290 
 Total 23 33 29 31 26 32 24 28 33 30 28 31 22 28 31 33 29 32 28 32 27 30 307 313 1260 
                           
The mean annually disturbed area is 3,191 ha, which relates to 0.20% of the forest area 
analyzed. The disturbed area for the four periods showed a steady increase in annual 
disturbance rates over time. Annual disturbances increased from about 1,900 ha (late 
socialist period) to about 2,500 ha during the first restitution period (Fig.4b). A further 
increase to more than 3,200 ha yearly during the second restitution period was followed by 
almost 4,000 ha during the third restitution period. More than 60% of all disturbances 
occurred during the second and third forest restitution period. Annual disturbance rates 
amounted to 0.11%, 0.15% and 0.19% for the late socialist, first and second restitution 
period, respectively, and to 0.24% for the third restitution period. Recent disturbance rates 
are thus more than twice as high as during the late socialist period. 
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Figure II-3: Overview of the disturbance map and five subsets (subset scale is 1:500,000). 
The area of forest disturbances per year ranged between 302 ha in 1991 and 8,596 ha in 
1996 (Fig.4a). Yearly disturbance rates declined towards the end of the socialist period 
compared to the very early years in the LTS (i.e. 1986/1987). Following the first restitution 
law in 1991, annual disturbance rates were relatively low at first, but then increased 
markedly until 1995 and 1996, with more than 5,500 ha and 8,500 ha of disturbed forest 
area, respectively. Disturbance rates were also relatively low during the first years of the 
second restitution period, but spiked again by the end of that period (Fig. 4a). The years 
following the third restitution law in 2005 all featured annual disturbance rates of more 
than 4,000 ha, with the exception of 2005 and 2009 (3,135 ha and 2,424 ha, respectively). 
After 2007, annual disturbances declined with the exception of 2010 which featured a 




Figure II-4: (A) Annually disturbed area with error bars indicating the 95% confidence intervals (dashed lines 
indicate the onset of the three restitution laws, dotted line points to the collapse of the Soviet Union), (B) 
mean disturbance per period, (C) annual number of disturbance patches, (D) patch based recovery state five 
years after disturbance onset, (E) annual mean patch size, (F) percentage of pixels above (grey) and below 
(black) three ha, (G) average patch based relative disturbance magnitude, (H) percentage of disturbance 
patches above (grey) and below (black) 60% relative disturbance magnitude. Notice that Y-axes for (F) and 
(H) are inverted.  
The number of disturbance patches followed relatively closely the trends in total 
disturbance area over time (Fig.4c), with comparatively higher patch numbers in 1986 and 
1995, and a lower number of patches in 1996. Disturbances tended to occur in larger 
patches during the late socialist period and following the first restitution law. Average 
disturbance patch size was 1.98 ha, ranging from 1.41 ha in 2000 to 3.93 ha in 1996 
(Fig.4e). The proportion of disturbance patches exceeding the legal three ha harvesting size 
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limit was 14% across the entire time series, but substantially higher for individual years 
(e.g., 23%, 21% and 19% for 1987, 1996 and 1995, respectively, Fig.4f). The fraction of 
disturbance patches above three ha increased until the late 1990s, decreased between 1998 
and 2000, and increased again markedly between 2001 and 2005 (Fig.4f).  Summarizing 
patch size for the four time periods showed that the proportion of disturbance patches 
above three ha was overall relatively similar, with the highest fraction during the first 
restitution period (15.3%) and the lowest during the second restitution period (12.1%). 
The average patch disturbance magnitude across all years was 60% (Fig.4g), but average 
annual disturbance magnitude varied noticeably between years and time periods. For 
example, disturbances had highest magnitudes during the late socialist period and the first 
restitution period (65% and 60%, respectively), and were consistently lower during the 
second- and third restitution period (<60%). The fraction of disturbance patches above the 
all-year mean magnitude value of 60% was higher for the years until 1991, then relatively 
low until 1999, increasing again from 1999 to 2004, and then again declining towards 2007 
(Fig.4h). 
 
Figure II-5: (A) Overview and five subsets of the patch based recovery state, given as the percentage of the 
relative disturbance magnitude recovered after five years (subsets correspond to Fig.3, their scale is 
1:500,000). (B) Map of growth areas exhibiting vegetative increase over 10-26 years (given in absolute cover 
increase, subset scale is 1:500,000). 
Forest recovery following disturbances proved to be highly variable within the time period. 
Accordingly, on average over all years disturbances had regenerated 50% of the relative 
disturbance magnitude after five years (Fig.4d). Comparing five year recovery rates over 
time showed that recovery rates were not uniform (Fig.5a), with exceptionally high rates 
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for 1986 and 1994 (recovery rates of 56% and 55%, respectively), and relatively low 
recovery rates for other years (e.g., 43% in 1996, Fig.4d). Figure 6 illustrates how different 
disturbance patches had regenerated after five years in detail and provides examples from 
the imagery.  
 
Figure II-6: Four details of the disturbance map, (B) imagery of one point in time close to the main 
disturbance events, (C) imagery of one point in time ca. five years later, (D) patch based percentage of 
recovered relative disturbance magnitude after five years  (Imagery is shown as RGB=453). 
Regarding the summary of growth areas (Fig. 5b), more than 52,000 ha (3.2% of all 
forested pixels) increased between 20% and 50% cover over 20 or more years and almost 
13,000 ha (0.8%) increased between 50% and 100% cover the same time span. More than 
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39,000 ha (2.4%) increased by between 20% and 50% cover over a period of only 10 to 20 
years. Approximately 4500 ha (0.3%) increased between 50% and 100% over the same 
time period. In total, more than 6.6% (110,000 ha) of all pixels inside the forest mask 
showed a substantial (20 - 100%) increase in forest cover over 10 and more years (Fig.5b). 
 
Figure II-7: (A) Relationship between the percentage of the annual allowable cut reserved for private owners 
of PFDs and disturbances rates within PFDs between 2006 and 2010 (note that the annual allowable cut for 
private and public owners of a PFD adds up to 100%). (B) Correlation between the annual disturbance rates 
detected in the PFDs and the percentage of coniferous species (note that the percentage of coniferous and 
deciduous species adds up to 100% for each PFD). Grayscale shading of points ranges from white (2006) to 
black (2010).  
The 27 private forest districts (PFDs), all of which were established between 2003 and 
2006, covered about 22% of our study region and about 27% of the forested land.  The 
observed disturbance rates with the PFDs indicate a connection between ownership regime 
and the annual allowable cut (Fig.7a). In cases where the majority of the allowable cut was 
assigned to private forest owners, disturbance rates tended to be higher. In districts where 
the allowed cut was mostly harvested through local communities disturbance rates tended 
to be lower. Forest cover types (coniferous vs. deciduous) within the PFD also indicated a 
correlation with disturbance levels (Fig.7b): a higher share of coniferous species was 
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associated with higher disturbance rates whereas PFDs with a high portion of deciduous 
species had lower disturbance rates. For the majority of the restituted forests within the 
later established PFD areas, disturbance rates were also much lower during the late 
socialist period (<20% of all disturbances detected, Fig.8) than during the years following 
the first restitution law (e.g., 22 PFDs experienced more than 20% of all disturbances 
during these 9 years). Likewise, almost half of the PFDs experienced more than 30% of all 
detected disturbances during the third restitution period and much less during the second 
restitution period.  
 
Figure II-8: Distribution of detected disturbances within individual private forest districts per period (given in 
percent of total detected disturbances). 
Focusing on a few individual PFDs illustrates that connections exist between detected 
disturbance patterns and the restitution phases (Fig. 9). PFDs often showed low disturbance 
levels during the late socialist and the first and second restitution phases (e.g. Fig.9, top). 
In two PFDs, more than 70% of the disturbances detected occurred after the third 
restitution law was put in place in 2005. A common pattern was also that many PFDs 
exhibited markedly higher disturbance rates immediately before the legal establishment of 
the private forest districts themselves (Fig. 9, middle). Some PFDs showed low disturbance 
levels throughout the assessed time period. Finally, high disturbance rates were in a few 
cases attributable to major wind throw events that occurred in some PFDs in 1995 
(Fig. 9, bottom). 
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Figure II-9: Three examples of the disturbance map (left column) and of imagery (RGB=453) for the area of 
private forest districts. The development of the annual disturbance rates for the three PFDs is given (forth 
column, dotted line indicated year of legal establishment). The examples show the PFD Papusa-Rucar (top), 
PFD Reghin-Gheorghieni (middle), PFD Targu–Secuiesc (bottom) [compare figure 8]. Red frames on the 
imagery indicate the location of two pictures taken during a field visit, exemplifying areas of excessive 
logging (right).  
4 Discussion 
Applying the LandTrendr temporal segmentation and fitting routines to a near-annual time 
series of Landsat images of central Romania revealed widespread forest disturbances 
between 1984 and 2010. Forest disturbance levels increased since the collapse of 
socialism, with considerably elevated levels after 1991, when many state forests were 
transferred into non-state ownership. All three restitution laws led to markedly increased 
annual disturbances, whereas annual disturbance levels decreased slightly after Romania’s 
accession to the EU. We also found pronounced differences in disturbance rates among 
different non-state ownership regimes, with local communities generally being associated 
with lower disturbance rates compared to restituted forests in individual private ownership. 
Our study thus highlights the effect that drastic institutional changes, such as the restitution 
of more than 60% of Romania’s forests, can have on land use systems, and emphasizes the 
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value of the temporal depth of the Landsat archive to isolate and better understand rapid 
land use and land cover change. 
Our disturbance map had a high overall accuracy (95.72%), as did most of our disturbance 
classes. Our disturbance area estimates also exhibited relatively narrow confidence 
intervals (note that the width of the confidence interval also depends on the number of 
validation points, and an even larger sample would have further narrowed the confidence 
intervals around our area estimates). Some disturbance classes had slightly higher 
commission errors (1986, 1994, 1995 and 2001) than others. For 1986, these 
misclassifications are likely caused by the higher susceptibility of the fitting algorithm to 
outliers during the first years in the time series. For 2001 and 1995, the acquisition dates of 
some images (mid-October and late-May) explain lower accuracies due to strong 
phenology and illumination differences.  
Despite low error estimates, a few sources of uncertainty remain. First, setting a relatively 
high magnitude for threshold-based filtering reduced false detections (as has been shown 
via parameter evaluation tests in (Kennedy et al. 2010) as have our spatial filtering 
procedures, however possibly excluding a range of smaller and lower intensity 
disturbances. Second, dividing disturbances for years that followed years lacking data may 
have caused an underestimation of the disturbance rates for one of these years, if 
disturbance rates were unequal. None of these potential uncertainties, however, affect the 
general temporal trends that we observed and thus our conclusions.  
Our study clearly highlights the considerable advantages that the annual temporal 
resolution of the LTS holds over bi- or multi-temporal change detection approaches. For 
example, a change map at five or 10-year interval would not have been able to distinguish 
a large disturbance occurring in a single year from individual patches clustering to a large 
area over time (important for monitoring both annual harvesting limits and maximum 
harvesting patch size). Likewise, assessing the effect of institutional shocks and socio-
economic disturbances on land use, such as the passing of restitution laws or the 
establishment of PFDs, would not be possible without an annual time series of disturbance 
maps such as those provided by LandTrendr. 
Forest cover in central Romania changed extensively throughout the 27-year time period 
we assessed, with about 110,000 ha exhibiting long-term forest cover increase, often 
recovering from pre-1984 disturbances, and a total of 75,000 ha of forests experiencing 
major disturbances. Above all, field visits, expert opinions and local case studies suggest 
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that harvesting accounts for the majority of disturbances we detected. Reliably separating 
natural disturbances from harvesting is not easy based on remote sensing alone. Generally, 
natural disturbances do occur in Romania but large-scale forest fires are very rare as are 
insect pests (Anfodillo et al. 2008). The main cause of natural disturbances in the 
Romanian Carpathians are wind throws (Anfodillo et al. 2008). Yet, the vast majority of 
wind throws cause small-scale disturbances and extreme wind throw events only occur 
every 10-15 years (Popa 2008). Moreover, catastrophic wind throw events almost 
exclusively affect spruce monocultures but not natural forests (Kozak et al. 2011). 
Extensive salvage logging always follows large-scale wind throws and forest management 
may in some cases even have been carried out in ways to make stands purposefully 
vulnerable to wind throws in order to enable salvage harvesting (Woodcock et al. 2008; 
Schmidt et al. 2012). Our results show the effect of the most severe wind throw during our 
study period, which occurred in November 1995 and blew down 140,000 ha of spruce and 
fir forest (Mihalciuc et al. 1999). This event is evident in the 1996 disturbance peak, the 
largest annual disturbance patch size, less disturbance patches and lower recovery rates 
after five years compared to other years (Fig.4). Together, this suggests that natural 
disturbances are scarce. Generally, although not very abundant, natural disturbances 
certainly contributed to the disturbances we mapped. However, it is at least questionable 
whether large-scale wind throws should be considered natural disturbances and there is no 
reason to assume that natural disturbances followed any trend.  
Instead, we suggest that the trends in disturbance rates relate to the major institutional and 
socio-economic changes, in particular the drastic reorganization of forest ownership 
following the end of socialism in Romania. We caution that we cannot prove a causal 
connection as long as spatially explicit ownership data is unavailable. Nevertheless, the 
temporal trends we observe strongly suggest that forest ownership changes are the main 
drivers behind these trends. Specifically, the step-wise implementation of forest restitution 
over a 20-year period is likely to have resulted in widespread immediate capitalization of 
forest resources by new owners (Irimie and Essmann 2009; Vasile 2009). Four factors 
explain why new forest owners favor instant economic returns over more long-term forest 
resource utilization. First, uncertainty about the legal persistency of the restitution process 
encouraged many new owners to immediately convert forests into economic benefits 
(Csóka 2005). Second, descendants or heirs of historic forest owners often lacked 
knowledge of sustainable forest management practices that would be needed to avoid long-
term depletion of forest resources and many new owners considered forest property solely 
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as an additional source of funds (Vasile 2009). Third, economic hardship during the 
transition period forced new owners to draw economic benefits from their new forests. 
Finally, frustration among restitution beneficiaries due to area restrictions, difficulties in 
physical allocation of forests, or even multiple claims for the same forest plot, may have 
further encouraged excessive felling (Abrudan et al. 2009; Vasile 2009).  
Our study shows, that the analysis of an annual Landsat time series with trajectory-based 
change detection methods (such as LandTrendr) can provide deep insight into the effects of 
the institutional and socioeconomic changes on Romania’s forests. Annual resolution is 
important in that respect. For example, continuously decreasing disturbance levels between 
1986 and 1991 possibly relate to Romania’s economic decline after 1989, when decreasing 
demands for timber and diminishing of socialist subsidies for the wood products industry 
resulted in plummeting harvesting rates (Csóka 2005; World Bank 2005; Ioras and 
Abrudan 2006). After 1991, more than 400,000 small-scale private forest owners emerged 
as forest management actors and forest fragmentation increased accordingly (Abrudan et 
al. 2009), mirrored in our results as increased disturbance rates and a higher number of 
annual disturbance patches (Fig.4 a & c). Also, the restitution under the 1991 law is known 
to have been very slow (Cartwright 2000), and the majority of forest restituted under law 
18/1991 was returned only around 1994 (Abrudan et al. 2009), likely explaining the high 
disturbance rates in 1995.  
Above all, the consistent and objective nature of remote sensing measurements allows 
unbiased comparison, for example, of forest disturbance across ownership types. This is of 
great value especially when disturbance levels vary with ownership regime. As no spatially 
explicit and up-to-date database of forest ownership in Romania is publically available at 
the moment, we used PFD boundaries and harvesting statistics as a proxy to investigate on 
the influence of non-state ownership types. Our results generally support assumptions of 
higher exploitation of restituted forests by private owners compared to local communities 
(Fig.7a). Although the second restitution law (i.e. law 1/2000) was intended to return 
forests primarily to public, non-state forest owners, the major increase in disturbances on 
restituted forests did not occur during this period but rather during the first and third 
restitution period (Fig.8). Partly this might be caused by increased timber harvests through 
private owners following the 1991 law. Also, PFDs were established between 2003 and 
2005 and often small-scale owners within these districts only considered harvesting after 
management plans had been established under the PFD management (Stancioiu et al. 
2010). Restituted forests with higher levels of economically valuable coniferous stands 
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were increasingly exploited (Fig.7b). It should be noted, that we assumed PFD attributes 
and boundaries to remain constant after 2006, and although interviews with forestry 
officials do not suggest these have changed substantially since, our results may involve 
some uncertainty. 
In addition to forest restitution, unauthorized timber exploitation due to weakened 
institutions, emerging shadow markets, and decreased law enforcement, provide additional 
explanations for increased forest harvesting in the transition period (Bouriaud 2005; 
Abrudan et al. 2009; Irimie and Essmann 2009). For example, deliberate underestimations 
of stand age/volume, false registration of functional forest categories, of sanitation or 
conservation cutting became widespread after 1989 in Romania (Brandlmaier and 
Hirschberger 2005), similar to other regions in the Carpathians (Turnock 2002; Irland 
2008; Kuemmerle et al. 2009a). Since 1989, transparency in the National Forest 
Administration has decreased and excessive or unauthorized logging has been tolerated or 
even promoted (Banaduc 2002). Some PFDs exhibited increased disturbance rates 
immediately prior to the PFD’s legal establishment (e.g. Fig.9, middle). One explanation 
for this is that in some cases economically valuable mature stands were harvested through 
the state forest management before the districts came under new non-state management 
(Banaduc 2002). Moreover, excessive clear cutting by private owners sometimes exceeded 
PFD boundaries and frequently disregards forest management laws (e.g. harvesting of 
forests with watershed protection function, Fig.9, top). Our results show that while 
disturbances levels increased in 2005 - 2006, they declined again after Romania’s 
accession to the EU in 2007. Although we cannot isolate the effect of the EU accession 
from the ongoing third restitution period, the deep reforms in Romanian legislation and 
economy that occurred since 2007 likely affected forest harvesting patterns as well (World 
Bank 2005). 
Besides providing detailed forest disturbance histories, an asset of trajectory approaches is 
their ability to simultaneously detect gradual forest cover trends. Despite increasing annual 
disturbance rates and widespread logging, our results also show large areas of forest cover 
increase (Fig.5b) and disturbance recovery (Fig.5a and Fig.6), overall suggesting relatively 
fast recovery rates of the highly productive forests in the Carpathians (Abrudan 2005; 
Toader and Dumitru 2005). Concerning some ecosystem services, for instance carbon 
storage, this may partly compensate disturbance related carbon releases, even though such 
releases especially from old growth stands are not easily compensated (Berger and 
Aschbacher 2012). However, we caution that our study only tracks the recovery of 
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vegetative cover, whereas monitoring other aspects of forest ecosystem condition, such as 
changes in biodiversity, would require more detailed ground assessments. In some cases 
the spectral recovery we found does not necessarily relate to a restoring forest canopy 
(Fig.6). Generally, despite relatively strong recovery, the high harvesting rates that we 
detected point to an ongoing loss of older forests, and these forests likely are important for 
ecosystem service flows and are often of high conservation value, and do not regenerate 
quickly (Drusch et al. 2012). 
5 Conclusions 
Romania experienced drastic institutional- and socio-economic changes during the last 
three decades. Here we showed that annual Landsat time series and trajectory-based 
change detection methods such as the LandTrendr can provide deep insights as to the 
effects of rapid institutional change. While natural disturbances contributed to the 
disturbances we mapped, they cannot explain the annual trends we observed. Whereas the 
collapse of socialism resulted in lower harvesting rates in the early transition years, three 
phases of forest restitution each resulted in increased forest harvesting right after restitution 
laws were implemented, likely due to a combination of economic hardships, tenure 
insecurity, and weak law enforcement. Private ownership and presence of economically 
valuable timber were both associated with increased disturbance rates. Thus, our results 
raise substantial concerns regarding the sustainability of the logging practices in the 
Romanian Carpathians. Moreover, our study highlights the value of the temporal depth of 
the Landsat archive, which can help to reconstruct detailed histories of land use/cover 
change. This provides new insights into the dynamics of land systems, and can help us 
better understand the effects of rapid and transient changes in the drivers of land use 
decisions. 
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Information on the changing land surface is required at high resolutions as many processes 
cannot be resolved using coarse resolution data. Deriving such information over large areas 
for Landsat data, however, still faces numerous challenges. Image compositing offers great 
potential to circumvent such shortcomings. We here present a compositing algorithm that 
facilitates creating cloud free, seasonally and radiometrically consistent datasets from the 
Landsat archive. A parametric weighting scheme allows for flexibly utilizing different 
pixel characteristics for optimized compositing. We describe in detail the development of 
three parameter decision functions: acquisition year, day of year and distance to clouds. 
Our test site covers 42 Landsat footprints in Eastern Europe and we produced three annual 
composites. We evaluated seasonal and annual consistency and compared our composites 
to BRDF normalized MODIS reflectance products. Finally, we also evaluated how well the 
composites work for land cover mapping. Results prove that our algorithm allows for 
creating seasonally consistent large area composites. Radiometric correspondence to 
MODIS was high (up to R² > 0.8), but varied with land cover configuration and selected 
image acquisition dates. Land cover mapping yielded promising results (overall accuracy 
72%). Class delineations were regionally consistent with minimal effort for training data. 
Class specific accuracies increased considerably (~10%) when spectral metrics were 
incorporated. Our study highlights the value of compositing in general and for Landsat data 
in particular, allowing for regional to global LULCC mapping at high spatial resolutions. 
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1 Introduction 
Remote sensing based information on land use and land cover change (LULCC) is required 
at spatial resolutions higher than those currently available from existing global land cover 
products (Pekkarinen et al. 2009; Fritz et al. 2011). This is because many LULCC 
processes, such as logging, deforestation, land abandonment or urban sprawl, represent 
critical drivers of global environmental change, but occur at spatial scales that cannot be 
resolved with coarse resolution data in many areas of the world. This is specifically true for 
many regions in Africa or South-East Asia, where fine scale processes and patterns prevail. 
The global Landsat archive allows for reconstructing LULCC back to the 1970s and 
therefore has become an integral component of global LULCC research (Cohen and 
Goward 2004; Loveland and Dwyer 2012). 
Despite large amounts of Earth Observation (EO) data available at spatial resolutions of 20 
to 50m (in the following referred to as high spatial resolution), land cover and LULCC 
products with such spatial detail are commonly not available across large areas (Fritz et al. 
2011). The reason for this is that mapping and monitoring of land cover across large 
regions at high spatial resolutions still poses unique challenges (Pax-Lenney et al. 2001). 
These challenges partly relate to the spatial detail of Landsat, which comes at the cost of a 
relatively small swath. A great number of Landsat footprints are therefore often needed for 
a full regional coverage. Additionally, phenologically and radiometrically consistent 
datasets are required when analyzing LULCC and complex changes in vegetation cover in 
particular (Masek et al. 2006). This is not easily feasible, considering that Landsat has a 
repeat frequency of 16-days and thus might only provide few or not even a single 
unclouded scene per growing season in many areas (Ju and Roy 2008). Data availability is 
further aggravated by discontinuities in image archives, as well as data or sensor related 
errors (e.g. the scan line correction (SLC) failure of Landsat 7 after May 2003 Arvidson et 
al. (2006)). Thus, conceptually more advanced approaches have to be developed to allow 
for robust mapping and monitoring at high spatial resolution over large areas. 
In many studies where land cover has been mapped at high resolution over large areas, 
unsupervised and/or supervised classification methods are used, requiring considerable 
user interaction and thus limiting the potential for automation (Homer et al. 2007; Olthof et 
al. 2009). Land cover products at Landsat resolution also are available for Europe 
(CORINE land cover, Heymann et al. 1994). However, CORINE data are derived through 
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interpretation and digitization of Landsat data, have very high production costs and are 
limited to a minimum mapping unit of 25ha (Feranec et al. 2007). A number of operational 
land cover monitoring approaches using Landsat data over regional to continental scales 
have been developed in Australia prior to the opening of the USGS Landsat archive 
(Caccetta et al. 2007; Furby et al. 2008a; Furby et al. 2008b). Some studies have 
investigated the potential of transferring classification models across space or generating 
training data for an unclassified image from the overlap with an existing classification 
(Woodcock et al. 2001; Olthof et al. 2005; Knorn et al. 2009). More recently, different 
groups have investigated the potential of exploiting annual time series of Landsat data for 
enhanced process understanding in forest ecosystems (Huang et al. 2010a; Kennedy et al. 
2010). However, existing approaches for large area mapping with Landsat data have only 
limited potential for automation, work only for simple class separation problems or are 
thematically restricted to certain environments. Therefore, further improvements in large 
area mapping methods are required (Cihlar 2000). 
Image compositing offers opportunities to overcome restrictions in data availability and to 
improve large area mapping and monitoring at the same time. Compositing was originally 
developed for wide-swath sensors that frequently provide global coverage. New image 
datasets are created by selecting one specific observation from numerous acquisitions or 
averaging spectral values. For coarse resolution sensors, such as AVHRR, the main purpose 
was to reduce the influence of clouds on the signal. Most commonly, simple decision rules 
were applied, such as the maximum/minimum band value or NDVI (Choudhury et al. 
1994; Cihlar 2000). More advanced compositing approaches additionally take a pixel’s 
view angle into account (Wolfe et al. 1998; Tan et al. 2006). However, compositing was 
not often considered when working with high resolution data, mostly due to high data costs 
and processing constraints. Recent developments therefore encourage image compositing 
for Landsat data. These include a changed data policy (i.e. free data access - Loveland and 
Dwyer (2012)), enhanced preprocessing algorithms leading to improved standard image 
product quality (Chander et al. 2010; Wulder et al. 2012) and advances in storage and 
computational resources (Richards 2005; Plaza et al. 2011). These developments will also 
affect future satellite missions beyond Landsat-8, such as Sentinel-2, which will most 
likely adapt to these standards (Drusch et al. 2012). 
Pixel-based compositing (PBC) of high-resolution optical imagery, as opposed to scene-
based compositing or mosaicking, offers advantages for large area LULCC analysis. 
Global analysis models can be based on a single, homogeneous and cloud free dataset that 
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ideally provides a consistent radiometric response across large areas (Hansen and Loveland 
2012). As all unclouded observations per pixel are extracted from the Landsat archive, 
different image metrics can be generated as valuable byproducts of the compositing 
process. Such metrics can for example be produced to capture relevant phenologic states in 
the seasonal cycle of vegetation or can correspond to descriptive statistics that provide a 
measure of average spectral response or spectral variability (Hansen et al. 2002). Above 
all, the change from a scene based- to a pixel-based perspective yields several 
improvements: 
- analyses are no longer restricted to a few “best” images, where low cloud cover often 
had to be favored over seasonally suited acquisitions 
- the artificial partitioning into footprints can be overcome 
- the entire image archive can be exploited and partially useful image areas (e.g. in 
SCL-off data) can easily be included 
- observation frequency is increased as pixels unaffected by clouds can be 
incorporated from cloud contaminated images 
- observation frequency is additionally increased by across track overlap exploitation 
Taking these considerations into account, PBC emerges as a valuable tool for large area 
applications using high resolution optical data. First examples of Landsat large area image 
composites have recently been produced to map boreal forest change in Russia or to 
monitor deforestation in tropical Africa (Potapov et al. 2011; Potapov et al. 2012). For the 
area of the United States, composited ETM+ top-of-atmosphere imagery has recently been 
made available via a web interface (Roy et al. 2010). Existing approaches, however, either 
rely on evaluating a single, often spectral criterion, do not utilize surface reflectances or do 
not retain all spectral bands at the original 30m resolution of Landsat data. In this paper we 
present a compositing algorithm that takes advantage of state-of-the-art Landsat pre-
processing and that can be flexibly parameterized to user-specific needs. Most importantly, 
we may optimize a compositing product for specific process and change regimes, varying 
applications and different geographic regions. Accordingly, our objectives were to: 
(1) Develop an algorithm that generates cloud free, radiometrically and phenologically 
consistent Landsat composites, based on flexible rule sets for pixel selection 
(2) Evaluate the radiometric consistency of the output composites with respect to MODIS 
BRDF normalized reflectance products 
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(3) Assess the suitability of the composites and the surplus value of spectral variability 
byproducts from compositing for regional land cover mapping 
2 Methodology 
2.1 Data used and test region 
We developed our algorithm and evaluated the outputs over a region in Eastern Europe 
covered by 42 Landsat World-Reference-System-2 footprints (Fig. 1). The test region 
(~850,000 km²) features mountainous terrain with elevations of up to 2,600m in the 
Carpathian Mountains, as well as the lowlands of the Pannonian Basin, extending towards 
the South and the Adriatic Sea. For the detailed assessment of radiometric consistency, 10 
sub regions of 60x60 km were selected. These sub regions were purposefully located in the 
central part of the study region and within scene overlaps. They were chosen to represent a 
broad variety of land cover configurations (Fig. 1). The region features a temperate-
continental climate with increasing maritime influences towards the southwest. The forests 
in the region comprise coniferous mixed and deciduous forests. Coniferous forests are 
mostly dominated by Norway spruce (Picea abies) and silver fir (Abies alba) and 
deciduous forests feature European beech (Fagus sylvatica), pedunculate oak (Quercus 
robur), hornbeam (Carpinus betulus) and lime (Tilia cordata). The regional growing 
season begins in April and ends in October, but varies over elevation ranges and in 
response to annual rainfall variability (Rotzer and Chmielewski 2001). 
We here aimed at producing image composites for three years, i.e. 2000, 2005 and 2010. 
Such even spaced, nominal dates are commonly used for quantifying LULCC (Lambin and 
Geist 2006a). Available imagery in the Landsat archive was not sufficient to achieve a full 
coverage from yearly data for each of these years. We therefore considered imagery 
acquired within ± two years of the respective year for compositing. To differentiate 
between the five year interval composites and the actual acquisition date of the respective 
data set used in the compositing, we hereafter refer to 2000, 2005 and 2010 as “target 
years”. We used all available precision terrain corrected (L1T) Landsat TM and ETM+ 
imagery with less than 70% cloud cover from the USGS Landsat archive (Table 1). Images 
acquired between mid-November and mid-February were excluded to avoid the prevalent 
snow coverage, low sun elevation angles and shadowing, and consequently poor signal-to-
noise-ratio. 
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Figure III-1: Landsat footprints from path 190 / row 25 in the northwest to path 182 / row 29 in the southeast 
(overlaid on Shuttle Radar Topography Mission elevation data). Sub regions for evaluation purposes are 
indicated by grey rectangles. 
Table III-1: Landsat data used for the compositing in 2000, 2005 and 2010. 
 2000 2005 2010 
Total number of images 890 1478 1590 
Total data volume [TByte] 0.80 1.82 1.51 
Target year images [%] 29.1 15.3 34.7 
Median day of year 181 203 198 
Average cloud cover [%] 38.1 38.6 40.4 
    
We additionally acquired MODIS reflectance data to assess the consistency of spectral 
responses in Landsat composites. We considered MODIS surface reflectance to be a state 
of the art, large area image product that provides consistent spectral reference across space. 
We used the BRDF-adjusted, 16-day surface reflectance product (MCD43A4) with 500m 
spatial resolution for 6 spectral bands to assess the radiometric response of our results. For 
this product, spectral responses are normalized to nadir viewing geometry, thus view-angle 
related effects are minimized (Lucht et al. 2000). Despite varying spatial resolutions, 
MODIS and Landsat data are well suited to be compared spectrally, as their equatorial 
overpass times are similar (Hwang et al. 2011), both sensors have comparable spectral 
bands with corresponding center wavelengths (Chander et al. 2010). Furthermore, the 
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atmospheric correction algorithm applied to MODIS data is similar to the correction 
method applied to the Landsat data in this study (Masek et al. 2006). 
2.2 Pre-processing 
We atmospherically corrected all input images, converting digital numbers into surface 
reflectance to assure comparability of results across different Landsat sensors, footprints 
and acquisition dates. We used the Landsat Ecosystem Disturbance Adaptive Processing 
System (LEDAPS) algorithm to perform the correction (Masek et al. 2006). The algorithm 
uses the Second Simulation of the Satellite Signal in the Solar Spectrum (6S, Vermote et al. 
1997) radiative transfer model in a similar manner as used to correct MODIS imagery. 
Surface reflectance bands 1-5 and 7 were used for further analysis at the original 30m 
spatial resolution. Cloud masks were subsequently developed for all images using the 
FMASK algorithm (Zhu and Woodcock 2012). The FMASK approach is an extended and 
improved rule-based method of the automated cloud cover assessment system (ACCA, 
Irish et al. 2006). Parameters such as cloud probability thresholds were set to conservative 
values to capture as many clouds and cloud shadows as possible. Additionally, we 
developed distance images providing the distance of each pixel to the next cloud or cloud 
shadow. All data was subsequently re-projected to Lambert Azimuthal Equal Area (LAEA) 
with a European Terrestrial Reference System 89 (ETRS89) datum so that imagery from 
different UTM zones can be composited into one single output dataset. 
2.3 Image compositing 
As image frames of individual footprints are always shifted against each other, the greatest 
possible spatial extent of all inputs was determined and tile-wise parallel processing 
subsequently used. All data that spatially overlapped was extracted based on a tile-wise 
bounding-box test and the potentially unclouded observations according to the cloud masks 
were extracted. 
During compositing, all available observations of a given pixel are assessed regarding their 
suitability for the composite. This assessment can be based on different parameters, for 
which a score is calculated for each available observation. The weighting of these 
parameter scores is obtained regarding the respective objectives pursued, e.g. with a high 
scoring weight on the day-of-year in the leaf-on season in case of temperate forests 
analysis. Subsequently, scores are summed up, and the spectral values of the observation 
with the highest score are written into the composite. All other available observations are 
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used to produce spectral variability metrics. In the following section we describe the 
development of the parameter score functions. 
We implemented a parametric weighting scheme to assess the suitability of observations, 
based on score functions for three parameters: (1) acquisition year (i.e. annual suitability), 
(2) acquisition day of year (DOY – seasonal suitability), as well as (3) the distance of a 
given pixel to the next cloud (risk of remnants of atmospheric disturbances). Compositing 
images from different dates and years requires considering the trade-offs between inter- 
and intra-annually matching acquisition dates, i.e. potential land cover changes and 
phenologic effects. As we focused on generic land use and land cover mapping, we aimed 
at producing composite datasets representing the seasonal period of main photosynthetic 
activity (i.e. a leaf-on state) and therefore first needed to assess the favored seasonal 
window.  
We did this by first extracting all imagery from 1999 to 2011 available for selected areas 
with high data availability. From these, we selected three largely cloud free reference 
images for the target years (dashed vertical lines in Fig. 2(a)), and as close as possible to 
the middle of the year (DOY 183), which is an approximation of the peak photosynthetic 
activity in our study region.  
 
Figure III-2: Score functions: (A) Seasonal correspondence of available images with three selected reference 
images (indicated by vertical dashed lines) in Landsat band 5, horizontal dashed line indicates the 0.8 R² cut-
off value; (B) DOY score function with all year median DOY of 193 and all year standard deviation of 34.33, 
green and red dashed lines indicate the ±30 and ±45 day offset scores, respectively; (C) year score function; 
(D) cloud distance score function. 
We then assessed how well all other images spectrally corresponded to these reference 
images. This assessment was based on stable broadleaf or mixed forest areas (i.e. areas 
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with climate-dependent phenology). We then correlated shortwave infrared (SWIR - band 
five) reflectances of these areas for unclouded pixels in each image with reflectances in the 
respective reference image (target year +/- two years). We based this assessment on SWIR 
reflectance, which has been shown to be temporally more stable than near infrared (NIR), 
e.g. against understory or other background signal (Cohen and Goward 2004). Fig. 2(a) 
shows the temporal variation of the correlation coefficient over time with a seasonal 
pattern becoming apparent for individual years. 
We finally used an R² of 0.8 as a cut-off criterion to provide seasonally comparable 
observations and derived the median and standard deviation of these images. The resulting 
all year median DOY (193 or July 12th) was employed to anchor a Gaussian scoring 
function (Fig. 2(b)) with the resulting standard deviation for all images with an R² higher 
than 0.8 (34 days). We used this function to evaluate the seasonal suitability (i.e. DOY) of 










=  (1) 
where σ denoted the all year DOY standard deviation, µ is the all year median DOY and Χi 
is the DOY for a given acquisition.  
Next, we defined a preferred seasonal window to ensure favoring a certain range of DOYs 
within the target year over a more central DOY of previous or subsequent years. On the 
one hand, favoring an optimum DOY over choosing a pixel from the central target year is 
reasonable, as yearly phenological cycles largely drive image statistics in a central 
European setting. This implies that the DOY criterion is more important than the year 
itself. On the other hand, extending the number of years considered during compositing 
increases the likelihood of including land cover changes in the output datasets. Intra-annual 
NDVI profiles from MODIS data and field experience proved that images acquired within 
30 days from the median DOY always related to phenological states of photosynthetic peak 
activity for forest areas. The peak of intra-annual NDVI profiles examined for deciduous 
and mixed forests always occurred within this seasonal window. During the selection of 
acquisition dates, a ±30 day offset to the median DOY was therefore always favored over 
images acquired later or earlier than the target year. About ±15 days around this central 
window of peak phenology, some of the regions’ forest stands appeared to be in a slightly 
pre-peak phenologic state or already showed first signs of senescence. Therefore, we 
estimated a DOY offset of ±45 days to be a suitable threshold to delineate the secondary 
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period of main photosynthetic activity for temperate forests encountered in our test region. 
To balance the risk of including non-peak phenology (larger DOY offset) against the risk 
of including potential land cover changes (increasing with increasing temporal offset from 
the target year), acquisitions from within 45 days of the target DOY (i.e. May 28th and 
August 26th) should always be favored over images acquired two years from the target 
year. We therefore assessed the difference in the DOY score for 30 and 45 days (Fig. 2(b)) 
and constructed a piecewise linear year scoring function (Fig. 2(c)). 
We scored a pixel’s distance to clouds or cloud shadows based on a sigmoidal function in 
conjunction with a user defined value defining the minimum required distance to 
clouds/shadows. Examination of Landsat images with different atmospheric conditions 
indicated that many pixels directly adjacent to clouds are not always identified as such 
during cloud masking, but may still be strongly affected by neighboring clouds. While this 
influence can be assumed to decrease exponentially with increasing distance from clouds, 
the minimum required distance is not easily derivable from the input imagery alone. 
Therefore, this value needs to be defined depending on the abundance of imagery, 
providing more conservative (i.e. higher) values if lots of imagery is available and to lower 
values in cases where imagery is relatively scarce. For this study we defined a minimum 
required distance of 50 pixels (dashed line in Fig. 2(d)), as a compromise between falsely 
excluded clear pixels and including undesired observations (e.g. affected by water vapor or 
haze). All pixels that were located closer to clouds than 50 pixels obtained a score 
according to (2): 
min
t .















Where Di indicates a given pixels distance to clouds, Dreq is the defined minimum required 
distance, Dmin is the minimum distance of the given pixel observations. As the data still 
contained some cloud remnants, a threshold based cloud-remnant removal was performed. 
Thresholds were based on the visible wavelengths’ reflectance and the relation between 
visible, NIR and SWIR bands, yielding the final unclouded observations (hereafter: clear 
observations).  
 The provided scores are subsequently summed up with the cloud distance score weighted 
half of the scores for DOY and year, respectively. Finally all 6 spectral band values of the 
observation with the highest final score are written into the best observation composite. 
Should there be several observations with identical final scores, the one closest to the target 
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year is selected. The observation featuring the lower reflectance in the blue band is selected 
if no winner could be determined during the previous steps, to additionally minimize 
atmospheric effects.  
After the clear observations have been determined, additional datasets and metrics were 
assembled. Besides the best observation composites, we produced image variability 
measures and flag images. Spectral variability measures take advantage of all extracted 
clear observations. Thus they contain implicit information on land cover phenology and 
spectral-temporal stability. Here, we produced mean, standard deviation and range images 
for each spectral band. Additionally, we created a band providing the sum of SWIR/NIR 
bands normalized over the number of clear observations. The flag bands provide 
information on acquisition date (year and DOY), the number of clear observations, the 
selected image footprint, the score determined for the best observation as well as winner 
acquisition sun zenith angle. Table 2 summarizes the individual outputs produced during 
compositing and Fig. (3) provides examples of compositing outputs for the target year 
2005. 
Table III-2: Overview of different compositing outputs produced per target year result 
Output type Description 
Best observation composite Pixels with highest score for evaluated parameters 
Spectral variance metrics Mean, standard deviation and range images for spectral bands 1-5 and 7. 
Sum of reflectance in nIR and swIR bands normalized by number of 
observations 
Flag metrics Path/row, Acquisition year/month/day, Acquisition DOY, Number of clear 
observations, determined decision score value, sun zenith during acquisition 
  
2.4 Evaluating annual, seasonal and radiometric consistency 
We evaluated the best observation composites for the three target years in terms of annual 
and seasonal consistency. This evaluation was based on the respective flag images for 
different cases relating to the decision for a certain acquisition date: The ideal case-1 has a 
pixel selected from the target year and a DOY within 30 days from the target DOY. The 
least desirable case would represent a two year offset from the target year and a DOY 
offset that is greater than 45 days (case-9). Table 3 provides an overview of the 
investigated temporal compositing cases. 
The evaluation of radiometric consistency was based on the comparison with MODIS 
reflectance data. We acquired the temporally closest MODIS 16-day composite to the 
target DOY and year. We then adjusted our best observation composites to 500m resolution 
using simple pixel aggregation. To assess how well our PBC outputs corresponded to the 
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MODIS products, we derived band wise Pearson correlation coefficients (R²) and RMSE 
for the 10 sub regions and the three PBC outputs. We additionally assessed the temporal 
composition of selected pixels within the sub regions according to the 9 defined cases. We 
also provided the average number of available clear observations for each subset and PBC 
output. 
Table III-3: Evaluated cases for temporal compositing of acquisition dates. The column “Priority” indicates 
the ranked preference of cases for compositing. 
Case # Offset to  
target year 
Offset to  
target DOY 
Priority 
Case 1 0 years ± 30 days 1 
Case 2 0 years > 30 days - ≤ 45 days 4 
Case 3 0 years > 45 days 7 
Case 4 ± 1 year ± 30 days 2 
Case 5 ± 1 year > 30 days - ≤ 45 days 5 
Case 6 ± 1 year > 45 days 8 
Case 7 ± 2 years ± 30 days 3 
Case 8 ± 2 years > 30 days - ≤ 45 days 6 
Case 9 ± 2 years > 45 days 9 
    
2.5 PBC-based land cover mapping 
Finally, we evaluated the performance of our composited image products for land cover 
classification. Land cover mapping performance was assessed using a random forest (RF) 
classifier (Waske et al. 2012) and a sample of interpreted randomly sampled points. We 
sampled a total of 2,000 points randomly with a minimum distance of 1 km to minimize 
spatial autocorrelation. The samples were then interpreted using VHR imagery along with 
the original Landsat imagery and ground truth data. We only retained samples if their 
interpreted land use / land cover did not change between 2003 and 2007, yielding a total 
sample size of 1623 points. We aimed at achieving a thematic depth comparable to that of 
common global land cover products (Bartholome and Belward 2005; Arino et al. 2008; 
Friedl et al. 2010). We consequently targeted at separating coniferous forest, mixed forest, 
deciduous forest, agriculture, grassland, built-up and water. We used a single RF model 
over the entire test region to assess if the composited input data allows for homogeneous 
classification results based on one global classification model. We then trained different RF 
classification models for the entire test region for the 2005 PBC using different input 
feature stacks: (a) only the best observation composite, and (b) the best observation 
composite together with the spectral variability metrics. The RF models were trained using 
500 individual trees and the number of features at each split was set to the square root of 
the number of input features (Waske et al. 2010). Validation was based on 10-fold cross 
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validation of the interpreted samples, with 10% of the samples left out for the validation of 
each resulting model that was trained with the remaining 90% of samples (Kohavi 1995). 
We derived overall accuracies, producer’s and user’s accuracy as well as kappa statistics. 
3 Results 
The resulting composites were free of clouds and homogeneous in appearance even though 
data from different years and different seasons was broadly mixed (Fig. 3(a), (b), (c)). 
Between 91% (2010) and 66% (2000) of all pixels consisted of observations acquired 
within the respective target year (Table 4). No more than 3.5% of all pixels selected during 
compositing were acquired two years earlier or later than any of the target years. Even 
though the seasonal range spanned spring to autumn in all three composites, the majority 
of selected observations captured peak phenology of green vegetation. 
Table III-4: Acquisition years of pixels used for compositing (Note: no input imagery existed for 1998 and 
2012). 
Target Year -2 -1 0 +1 +2 
2000 [%] --- 9.52 65.91 21.30 3.27 
2005 [%] 0.43 2.40 67.91 26.26 3.01 
2010 [%] 0.13 8.06 91.24 0.57 --- 
      
Accordingly, between 52% (2000) and 88% (2010) of selected pixels were case 1 pixels, 
i.e. acquired within the target year and within 30 days of the target DOY (Table 5). For 
target year 2000, about 14% of pixels were acquired within 45 days of the target DOY 
(case 2), while the share of case 2 pixels was considerably lower for the other years (< 
3%). The distribution of case 4 pixels was relatively even for the 2000 and 2005 result 
(30% and 29%, respectively) and considerable lower for the 2010 result (8.5%). Thus, 
seasonal consistency was highest within the 2010 outputs, with more than 96% of pixels 
acquired within the preferred seasonal window (cases 1, 3, 7). 
Table III-5: Temporal composition of cases in the three best observation composites 
 Case-1 Case-2 Case-3 Case-4 Case-5 Case-6 Case-7 Case-8 Case-9 
2000 [%] 51.65 13.60 0.66 30.21 0.49 0.12 3.02 0.04 0.21 
2005 [%] 66.51 1.21 0.19 28.50 0.06 0.09 2.74 0.15 0.55 
2010 [%] 88.18 2.83 0.23 8.51 0.06 0.06 0.05 0.04 0.04 
          
The share of pixels with an unfavorable seasonal state (i.e. DOY offset to target DOY > 45 
days) was below 1% for all PBC outputs. The number of extracted cloud free observations 
per pixel ranged from one to 114 for the 2005 composite. On average, between 21 (2000) 
and 39 (2005) unclouded observations were available for each pixel. The number of clear  
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Figure III-3: Output examples of the 2005 PBC: (A) best observation composite (RGB = 4,5,3); (B) year flag 
image; (C) relative difference to target DOY; (D) number of clear observations per pixel.  
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observations was especially increased within the across track overlap areas (Fig. 3(d)). For 
mountainous areas, the number of available unclouded observations was considerably 
lower (Fig. 3(d)). These areas also exhibited higher year and DOY offsets (Fig. 3 (b), (d)).  
The PBC resembled spectral and radiometric characteristics of the MODIS 16-day 
reflectance composites well (Fig. 4). However, the land cover composition in the sub 
regions influenced the level of agreement. Forests generally lead to high correlations while 
spectrally dynamic land cover types, such as agriculture or grasslands, suffered from 
spectral variation or land cover changes. Second, the visible bands generally exhibited 
lower correspondence between MODIS and PBC reflectances, presumably due to 
atmospheric effects. In many cases, this effect seemed to be related to considerable spectral 
scatter in the MODIS visible bands (e.g. Fig. 4(d), (j)). 
Sub region 1 was strongly dominated by broadleaved and coniferous forests within 
mountainous terrain (Fig. 4(a), (b)). The 2005 and 2010 results achieved R² values higher 
than 0.8 in five bands (Table 6). The 2010 result resulted in correlations of 0.9 in the blue 
and red spectral bands. The temporal composition of pixels was very different between the 
2005 and 2010 results (Table 7). More than 80% of the 2005 result consisted of pixels 
acquired with at least one year offset. In the case of the 2010 result, 83% of pixels related 
to case 1. The temporal composition in the 2000 case was more variable with 3% of case 2 
and case 3 pixels. The average number of extracted clear observations was relatively low 
(15) and the corresponding MODIS image lacked more than 50% of observations 
(Fig. 4(a)).  
Forest dominated sub region 3 is located in mountainous terrain at higher elevations where 
cloud coverage is frequent (Fig.4 (c), (d)). Here the year 2000 result had the lowest average 
number of clear observation available (13), about 48% of pixels were case-2 observations. 
The corresponding MODIS data for this period lacked more than 90% of observations. The 
composition of acquisition dates for the 2000 result covered a wider range of cases and 
correlations to MODIS bands were comparatively low. The 2005 result (~74% case 4) 
achieved higher R² values in five out of 6 bands (Fig. 4(d)), even though the 2010 output 
consisted to over 98% out of case-1 pixels.  
Sub region 5 featured mostly agricultural land and grassland and was located at lower 
elevations (Fig. 4(e)). Here the 2000 result performed worst in four out of 6 bands, relating 
to a 41% of case-4 pixels and 12% of case-7 pixels. The corresponding MODIS product 
featured approximately 10% of no data pixels and the number of observations was as low  
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Figure III-4: Radiometric consistency evaluation (from left to right): (column 1) aggregated PBC imagery 
(RGB = 4, 5, 3); (column 2) corresponding year flag images; (column 3) corresponding DOY flag images; 
(columns 4 – 7) band wise scatterplots for red, NIR, SWIR1 and SWIR2 bands of MODIS (Y axis) and PBC 
(X axis) data; (column 8) corresponding MODIS nadir BRDF-adjusted 16-day reflectance product 
(MCD43A4, RGB = 2, 6, 1). 
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Table III-6: Results of the evaluation of the radiometric consistency assessed for the 10 sub regions (first 
column), coefficients of determination (R²) and root mean squared errors (RMSE) for the 6 corresponding 
MODIS and aggregated PBC bands. 
    Radiometric consistency: PBC vs. MODIS (R² / RMSE) 
    TM 1 vs. MOD 3 TM 2 vs. MOD 4 TM 3 vs. MOD 1 TM 4 vs. MOD 2 TM 5 vs. MOD 6 TM 7 vs. MOD 7 
Sub region 1 
2000 0.35 / 195.59 0.7 / 168.1 0.79 / 173.4 0.66 / 396.24 0.7 / 334.17 0.78 / 207.68 
2005 0.77 / 133.78 0.88 / 96.93 0.89 / 125.73 0.83 / 331.04 0.81 / 275.93 0.87 / 175.09 
2010 0.81 / 124.25 0.9 / 100.67 0.91 / 121.81 0.82 / 308.56 0.85 / 337.87 0.88 / 180.75 
Sub region 2 
2000 0.85 / 86.71 0.86 / 131.1 0.87 / 130.46 0.76 / 491.67 0.76 / 436.25 0.83 / 195.08 
2005 0.75 / 87.2 0.85 / 107.66 0.85 / 102.1 0.74 / 371.07 0.68 / 424.3 0.79 / 157.82 
2010 0.77 / 95.59 0.88 / 98.77 0.88 / 108.85 0.79 / 289.42 0.79 / 402.81 0.85 / 169.67 
Sub region 3 
2000 0.11 / 542.31 0.5 / 436.72 0.52 / 374.51 0.72 / 593.87 0.71 / 488.62 0.66 / 276.88 
2005 0.1 / 232.82 0.62 / 223.65 0.61 / 185.9 0.82 / 472.36 0.79 / 356.3 0.79 / 168.38 
2010 -0.04 / 273.7 0.51 / 217.42 0.57 / 195.98 0.8 / 436.19 0.8 / 358.94 0.79 / 190.44 
Sub region 4 
2000 0.48 / 168.23 0.56 / 156.07 0.58 / 218.5 0.48 / 397.8 0.6 / 477.01 0.62 / 380.35 
2005 0.79 / 162.31 0.81 / 79.74 0.81 / 119.01 0.73 / 288.33 0.73 / 333.02 0.77 / 261.31 
2010 0.42 / 114.96 0.66 / 121.81 0.68 / 142.27 0.73 / 370.34 0.66 / 443.23 0.67 / 303.31 
Sub region 5 
2000 0.31 / 134.78 0.51 / 166.53 0.51 / 209.91 0.45 / 483.42 0.56 / 490.78 0.51 / 374.38 
2005 0.42 / 130.15 0.64 / 99.31 0.56 / 166.74 0.48 / 557.04 0.5 / 318.36 0.48 / 388.15 
2010 0.63 / 140.23 0.75 / 83.04 0.77 / 126.9 0.75 / 354.93 0.67 / 337.17 0.69 / 250.56 
Sub region 6 
2000 0.52 / 143.5 0.82 / 92.04 0.8 / 86.86 0.67 / 390.69 0.74 / 293.05 0.77 / 144.44 
2005 0.08 / 243.88 0.53 / 246.88 0.48 / 207.4 0.67 / 477.81 0.63 / 361.75 0.64 / 167.69 
2010 0.1 / 146.07 0.61 / 159.65 0.55 / 138.57 0.67 / 462.88 0.65 / 391.88 0.64 / 157.7 
Sub region 7 
2000 0.69 / 152.95 0.77 / 149.84 0.72 / 235.84 0.7 / 428.37 0.61 / 383.6 0.66 / 352.63 
2005 0.31 / 144.94 0.75 / 139.49 0.8 / 146.53 0.74 / 343.01 0.59 / 299.43 0.75 / 184.4 
2010 0.67 / 114.32 0.85 / 94.51 0.88 / 91.11 0.77 / 335.81 0.69 / 386.71 0.8 / 143.04 
Sub region 8 
2000 0.76 / 85.19 0.81 / 157.34 0.76 / 198.61 0.43 / 582.38 0.7 / 562.07 0.68 / 311.28 
2005 0.57 / 113.38 0.84 / 89.71 0.85 / 81.64 0.76 / 374.26 0.75 / 365.26 0.79 / 124.11 
2010 -0.1 / 235.41 0.4 / 192.15 0.42 / 165.45 0.74 / 355.06 0.73 / 324.72 0.73 / 120.13 
Sub region 9 
2000 0.86 / 84.24 0.86 / 121.46 0.86 / 158.29 0.84 / 442.9 0.87 / 377.5 0.87 / 227.75 
2005 0.53 / 107.88 0.84 / 99.92 0.84 / 102.28 0.92 / 343.05 0.86 / 310.78 0.84 / 151.11 
2010 0.02 / 206.79 0.55 / 179.75 0.65 / 161.17 0.87 / 399.34 0.85 / 370.79 0.82 / 166.82 
Sub region 10 
2000 0.69 / 106.84 0.83 / 107.15 0.81 / 118.25 0.84 / 430.16 0.86 / 356.22 0.82 / 194.65 
2005 0.27 / 116.39 0.74 / 140.13 0.7 / 125.58 0.89 / 383.13 0.83 / 356.38 0.82 / 130.09 
2010 -0.09 / 188.15 0.55 / 161.04 0.47 / 140.84 0.83 / 441.1 0.81 / 338.59 0.77 / 131.69 
        
as 19. With more than 99% of case-1 acquisitions, the 2010 result achieved the highest 
correlations to the MODIS bands.  
Sub region 6 exhibits a mosaic of grassland and agriculture dominated valleys and forested 
slopes and ridges over medium elevation terrain (Fig. 4(f)). For the 2000 result, relatively 
few acquisitions were available (21) and consequently only 24% of pixels corresponded to 
case-1, while the majority (68%) were case-4 pixels. About 7% of pixels were acquired 
within the extended seasonal window. The achieved R² values were the highest in all 
bands. The 2010 result contained 21% of case-2 pixels but the 2005 output, with 53% case-
4 acquisitions, mostly achieved lower R² values. 
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Table III-7: Results of the evaluation of the temporal composition of pixels according to the 9 defined cases 
assessed for the 10 sub regions (first column), provided for each target year composite. Additionally, the 
average number of available unclouded observations is provided. 
    Radiometric consistency: Temporal composition of pixels Clear 
observations     Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7 Case 8 Case 9 
Sub region 1 
2000 25.19 3.06 3.14 64.83 0.21 0.01 3.56 0.00 0.00 15 
2005 17.90 0.08 0.31 59.61 0.00 0.00 22.09 0.00 0.01 32 
2010 82.71 0.15 0.18 16.93 0.00 0.00 0.01 0.00 0.02 26 
Sub region 2 
2000 77.03 21.66 0.00 1.29 0.00 0.00 0.02 0.00 0.00 38 
2005 96.30 0.00 0.00 3.66 0.00 0.00 0.03 0.00 0.00 66 
2010 99.66 0.01 0.00 0.33 0.00 0.00 0.00 0.00 0.00 67 
Sub region 3 
2000 26.54 47.66 0.92 17.07 0.00 0.51 7.08 0.20 0.01 13 
2005 26.13 0.01 0.03 73.61 0.00 0.00 0.21 0.00 0.00 30 
2010 98.34 0.66 0.00 0.97 0.00 0.02 0.01 0.00 0.00 15 
Sub region 4 
2000 78.11 7.95 0.10 11.88 0.00 0.00 1.96 0.00 0.00 27 
2005 94.09 0.00 0.00 5.89 0.00 0.00 0.01 0.00 0.00 57 
2010 99.67 0.00 0.00 0.32 0.00 0.00 0.00 0.00 0.00 41 
Sub region 5 
2000 44.20 0.19 2.78 40.64 0.00 0.00 12.19 0.00 0.00 19 
2005 77.31 0.00 0.00 22.67 0.00 0.00 0.02 0.00 0.00 41 
2010 99.12 0.01 0.00 0.87 0.00 0.00 0.00 0.00 0.00 23 
Sub region 6 
2000 23.58 7.01 0.27 68.45 0.01 0.15 0.52 0.00 0.00 21 
2005 46.17 0.15 0.00 53.42 0.00 0.00 0.26 0.00 0.00 39 
2010 70.68 20.45 0.01 8.61 0.18 0.00 0.07 0.00 0.00 29 
Sub region 7 
2000 62.98 2.07 0.00 34.94 0.00 0.00 0.00 0.00 0.00 36 
2005 46.17 0.15 0.00 53.42 0.00 0.00 0.26 0.00 0.00 61 
2010 99.54 0.00 0.00 0.46 0.00 0.00 0.00 0.00 0.00 53 
Sub region 8 
2000 20.90 36.98 0.00 42.11 0.00 0.00 0.00 0.00 0.00 20 
2005 65.83 0.00 0.00 31.41 0.11 0.01 2.64 0.00 0.00 39 
2010 91.65 0.67 0.00 7.67 0.00 0.00 0.00 0.01 0.00 38 
Sub region 9 
2000 99.14 0.42 0.00 0.43 0.00 0.00 0.00 0.00 0.00 19 
2005 92.05 0.00 0.00 6.30 0.00 0.00 1.64 0.00 0.00 38 
2010 68.63 0.44 0.00 30.91 0.00 0.00 0.02 0.00 0.00 29 
Sub region 10 
2000 73.61 1.91 0.00 24.46 0.00 0.00 0.02 0.00 0.00 26 
2005 80.71 7.75 0.00 8.85 0.00 0.00 2.68 0.00 0.00 44 
2010 65.99 0.33 0.00 33.68 0.00 0.00 0.00 0.00 0.00 36 
            Sub region 8 featured a variety of land cover types over a range of elevations. The highest 
correlations were achieved in the 2005 result (in 5 out of 6 bands) even though one third of 
pixels were acquired with one year offset to the target year. Most of these pixels were 
located over forested slopes in the eastern part of the sub region (Fig. 4(h)). The 2010 
result did not achieve high correlations despite of featuring more than 90% of case-1 
pixels. Sub region 9 again was strongly dominated by coniferous forests (Fig. 4(i), (j)). 
Here the highest overall correspondence to MODIS reflectances was achieved in the NIR 
bands for the 2005 result (0.92).  The 2000 and 2005 results both achieved similarly high 
correlations and both were composed of more than 90% of case-1 pixels. The NIR and 
SWIR bands for the 2010 result resulted in comparably high correlations and 1/3 of pixels 
were case 4 observations.  
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Table III-8: Result of the cross validation of the classification results for (a) only best observation bands as 
input, and (b) the best observation bands and the spectral variability measures (PA = Producer’s accuracy, UA 
= user’s accuracy, OAC = overall accuracy, CF = coniferous forest, MF = mixed forest, DF = deciduous 
forest, AG = agriculture, GL = grassland, BU = built up, WT = water). Additionally the number of samples 
per class for training is provided. 
 RF classification model  
 (a) only PBC (b) PBC + Stats  
Class PA [%] UA [%] PA [%] UA [%] # samples 
CF 53.75% 83.98% 59.60% 92.19% 256 
MF 36.19% 16.03% 50.41% 26.16% 237 
DF 62.11% 69.82% 69.70% 74.85% 338 
AG 76.71% 85.62% 81.50% 93.93% 577 
GL 50.00% 13.73% 75.00% 8.82% 102 
BU 72.22% 32.50% 87.50% 43.75% 80 
WT 90.00% 81.82% 95.83% 69.70% 33 
OAC 64.70% 71.47%  
Kappa 0.54 0.62  
    
Results from the land cover classification underlined the radiometric consistency of the 
results. The composited imagery is radiometrically stable enough to train and apply a 
single classification model over the entire region. The achieved overall accuracies (Table 
8) were 65% for the classifications using only the best observation composite (run (a)), and 
72% for the run using the variability measures as additional input features (run (b)). There 
were considerable differences among both classification runs. Overall, the grassland class 
(training sample size 102) achieved the lowest accuracies with user’s accuracies of 14% 
and 9% for run (a) and run (b) respectively. Forest classes achieved better results. For 
example the coniferous forest class was validated with a user’s accuracy of 54% and 60%, 
and even higher user’s accuracies of 84% and 92% for classification runs (a) and (b), 
respectively. The mixed forest class showed the weakest performance among the three 
forest classes with relatively high omission and commission errors. We found considerable 
improvements in classification accuracies when the spectral variability measures were 
included as input features. The agriculture, built up and water classes achieved high 
accuracies in both classification runs and were validated with even higher accuracies when 
the variability metrics were additionally used. User’s accuracies improved by about 10% 
during classification run (b) for the deciduous and mixed forest and built up classes. 
Similarly, producer’s accuracies improved considerable for mixed forest, grassland and 
built up classes. It is interesting to note that compositing artifacts related to SLC-off scan 
line errors were visible in some areas of the land cover map when using only the PBC. 
However, these artifacts were not visible in the map resulting from the PBC plus the 
variability measures as inputs. Moreover, the result obtained from only using the PBC as 
input features appeared to be stronger affected by salt-and-pepper like speckle in the 
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classified image. Also the delineation of built-up areas was spatially more consistent using 
the PBC and variability measures for the classification (Fig.5 top).  
 
Figure III-5: Classification results (60x60 km) for the best observation composite only (left column) and for 
the best observation composite plus spectral variability measures (right column). Corresponding regions of 
the 2005 PBC in RGB = 4, 5, 3 (center column). 
4 Discussion and conclusions 
In this paper we describe a new algorithm for pixel based compositing of Landsat data. Our 
approach takes advantage of automated pre-processing approaches and facilitates 
generating regional image data sets from the Landsat archive. For selecting the most 
suitable from all available observations, we implemented a parametric weighting scheme. 
We described the development of score functions that facilitate homogeneous surface 
reflectance composites at 30m resolution. Seasonal and annual consistency was satisfying 
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and complete coverage was achieved even over mountainous terrain with frequent cloud 
cover. 
We further achieved high radiometric correspondence to MODIS reflectance products. The 
level of correlation varied according to land cover composition. Our results underpin that 
optimizing phenologic consistency is more relevant to achieve radiometrically consistent 
composites than using data from the target year itself – at least in a temperate setting. We 
successfully utilized PBC to map land cover using a relatively small training set. Overall 
and class specific accuracies improved considerably when spectral variability metrics were 
additionally provided to the classifier. 
With regard to the opening of the Landsat archive and considerable advancements of pre-
processing methods, compositing is a logical consequence of these recent developments. 
Our approach takes advantage of automated procedures for cloud masking (Zhu and 
Woodcock 2012) and atmospheric correction (Masek et al. 2006). These methods allow for 
full automatization and processing of large volumes of data. Using atmospherically 
corrected surface reflectance data is a great asset, as relative radiometric normalization is 
not easily feasible with thousands of input scenes from different years and seasons. Our 
implementation of the here presented compositing methodology builds on parallel 
processing capacities and was run on a relatively modest multi-core server. However, the 
composites were produced within a time window comparable to time invested 10 years ago 
into manual cloud masking for single scene classifications. The potential to increase the 
performance using more advanced high performance computing environments (e.g. 
graphics processing units, cloud computing) thus is considerable (Lee et al. 2011).  
We base the decision for image selection during compositing on a flexible parametric 
weighting scheme that evaluates available observations for their suitability. While this 
decision system can be easily extended to include additional parameters (e.g. local solar 
incidence angle, off-nadir pixel position, etc.), we here focused on three important 
parameters that are essential for achieving homogeneous composites. Designing the 
scoring functions for the selection of annual and seasonal acquisition dates appeared most 
important. We developed these scoring functions empirically based on the available data 
and knowledge of the regional seasonality. We used intra-annual vegetation profiles from 
MODIS for validation purposes only. This approach allows to parameterize the temporal 
score functions independent of the availability of MODIS data and thus also 
retrospectively for data since the beginning of the Landsat archive. However, the potential 
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of integrating MODIS-scale data for seasonal fine-tuning during compositing or to account 
for annual variation in phenology is considerable and should be subject of future research. 
While the performance of the scoring functions in other regions still needs to be evaluated 
the parameterization can be derived in a similar manner elsewhere. If annual consistency is 
focal e.g., when analyzing deforestation in quickly regrowing tropical forest regions, the 
annual weight has to be increased relative to the seasonal weight (Broich et al. 2011). 
Moreover, the weighting scheme can be parameterized to produce datasets tailored for 
specific mapping applications. For example, a leaf-on vegetation state could potentially be 
supplemented by a senescent seasonal state to improve the differentiation of forests types 
(Baumann et al. 2012). However, as Landsat data is predominantly acquired during the 
growing season in the temperate zone, the annual window for compositing would have to 
be increased considerably in order to achieve full coverage when compositing spring or 
autumn observations.   
The results were annually and seasonally overall consistent for all three output composites. 
The annual consistency was slightly higher for the 2005 and 2010 result. The reason for 
this is that more images were available during the corresponding time periods, as the long 
term data acquisition plan was adjusted to compensate for the SLC failure after 2003 (Ju 
and Roy 2008). The ability to produce PBCs from the Landsat archive for large areas with 
surface reflectance at 30m spatial resolution is a great asset for many applications 
(Townshend et al. 2012). Within our results we achieved full regional coverage also for 
areas with persistent cloud cover. In such cases, the seasonal and annual offset of selected 
pixels was relatively high to enable a complete coverage (i.e. up to two years offset to the 
target and possibly DOY offsets greater than 45 days). The corresponding MODIS 16-day 
products often also lacked many observations within these areas (e.g. Fig. 4(a), (c)).  
Our results showed that PBCs can achieve high radiometric consistency across space and 
time. In many cases, our results strongly correlated with the MODIS reflectance product 
even when imagery from different years was used for compositing. Larger shares of pixels 
with a greater seasonal offset (i.e. greater than 30 days) increased variance in the 
correspondences between MODIS and aggregated PBC bands. Multi annual imagery was 
increasingly incorporated into the PBC for mountainous areas with frequent cloud cover 
where MODIS data did not provide sufficient observations for a given 16-day period (e.g. 
Fig. 4(a), (c)). Land cover composition had a marked effect on the correlation between 
Landsat PBC and MODIS data. We showed that for areas exhibiting a natural phenology 
(especially forests), seasonal consistency over multiple years is more important than annual 
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consistency (i.e. cases 1, 4 and 7 are more crucial than cases 2, 5 and 8). Areas with 
spectrally variable and spatially heterogeneous land cover configurations, such as 
agricultural areas, only achieved high correlations with MODIS data when annual and 
seasonal acquisition dates were very similar. For these areas, land cover changes (i.e. 
cropped vs. barren fields) that occurred during the multi-year compositing period 
considerably decreased spectral correspondence to the MODIS data. Specifically in the 
case of fine-textured land cover configurations introducing MODIS point spread functions 
during aggregation might have influenced our analysis. However, the averaging effect 
related to introducing the PSF would not have altered the overall results (Huang et al. 
2002). 
As an example for an application using PBCs, we performed a set of land cover 
classifications. Results showed that the PBCs proved suitable for consistent and easy to 
implement land cover mapping over large areas. We used a relatively small set of randomly 
selected and visually labeled samples for training and a generic training strategy of the 
classification models. Regardless of this simple and straightforward approach, class 
delineations were consistent across the entire region. Several classes achieved consistently 
high accuracies over a heterogenous region covered by 42 Landsat footprints. Our training 
sample was too small to fully characterize all spectral varieties of some heterogeneous 
classes (e.g. grassland, compare table 9). Nevertheless, results demonstrated what can be 
achieved with only one iteration of training, based solely on temporarily stable and 
randomly selected training samples. In the future, training data automation will certainly 
further improve the classification accuracies (Huang et al. 2008; Townshend et al. 2012) , 
but was beyond the scope of this paper. As class boundaries are not always easily separable 
using a single “best” observation, we incorporated spectral variability measures that can be 
effortlessly derived from the best pixel assessment. Incorporating spectral variability 
measures led to considerable improvements in mapping accuracies for all classes. 
Moreover, compositing artifacts resulting from incorporated SLC-off imagery and salt-and-
pepper effects are effectively eliminated when including variability metrics in the 
classification process, as these artifacts do not translate into averaged spectral 
measurements (Fig. 5 top). Many classes were delineated with much greater consistency 
and omission errors were minimized when we provided these additional input features (e.g. 
built up or mixed forest classes).  
Compositing Landsat surface reflectance data provides stable radiometrically consistent 
data sets across large areas. In the future, such products will allow for integrated change 
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classification approaches based on multiple composites, targeted at capturing different 
points in time. Such a methodology is commonly assumed to outperform other LULCC 
analysis methods, such as post classification comparison (Coppin et al. 2004). So far, our 
methodology exploits the temporal information only partially using the spectral variability 
measures. More explicit utilization of the temporal context (e.g. seasonally weighted 
variability measures) from all available unclouded observations per pixel will further 
enhance information extraction. Future versions of our PBC algorithm will therefore 
address the potential of different phenology measures and draw on exploiting the feature 
space available from multiple composites.  
Our approach will profit from data continuity through forthcoming satellite missions such 
as the Landsat Data Continuity Mission and the Sentinel-2 constellation (Drusch et al. 
2012; Irons et al. 2012). Increased image acquisition capabilities and temporal repeat 
frequencies will provide unique opportunities for cross-sensor compositing and improved 
process understanding from such integrated data analyses. 
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Detailed knowledge of forest cover dynamics is crucial for many applications from 
resource management to ecosystem service assessments. Landsat data provides the 
necessary spatial, temporal and spectral detail to map and analyze forest cover and forest 
change processes. With the opening of the Landsat archive, new opportunities arise to 
monitor forest dynamics on regional to continental scales. In this study we analyzed 
changes in forest types, forest disturbances, and forest recovery for the Carpathian 
ecoregion in Eastern Europe. We generated a series of image composites at five year 
intervals between 1985 and 2010 and utilized a hybrid analysis strategy consisting of 
radiometric change classification, post-classification comparison and continuous index- 
and segment-based post-disturbance recovery assessment. For validation of the disturbance 
map we used a point-based accuracy assessment, and assessed the accuracy of our forest 
type maps using forest inventory data and statistically sampled ground truth data for 2010. 
Our Carpathian-wide disturbance map achieved an overall accuracy of 86% and the forest 
type maps up to 73% accuracy. While our results suggested a small net forest increase in 
the Carpathians, almost 20% of the forests experienced stand-replacing disturbances over 
the past 25 years. Forest recovery seemed to only partly counterbalance the widespread 
natural disturbances and clear-cutting activities. Disturbances were most widespread 
during the late 1980s and early 1990s, but some areas also exhibited extensive forest 
disturbances after 2000, especially in the Polish, Czech and Romanian Carpathians. 
Considerable shifts in forest composition occurred in the Carpathians, with disturbances 
increasingly affecting coniferous forests, and a relative decrease in coniferous and mixed 
forests. Both aspects are likely connected to an increased vulnerability of spruce 
plantations to pests and pathogens in the Carpathians. Overall, our results exemplify the 
highly dynamic nature of forest cover during times of socio-economic and institutional 
change, and highlight the value of the Landsat archive for monitoring these dynamics. 
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1 Introduction 
Globally, forests provide important resources and ecosystem services that are essential for 
human well-being, including timber and non-timber forest product provision, watershed 
protection, habitat for biodiversity, and recreational amenities (GLP 2005; MEA 2005). 
Similarly, the role of forests for climate regulation, carbon sequestration, and surface 
radiation modulation is of global importance (IPCC 2000). However, forest resources and 
related ecosystem services depend on forest type and composition as well as on forest 
condition and management (e.g. rotation interval, mechanization, fertilizer use, plantation 
schemes), making it paramount to monitor forests repeatedly and consistently across larger 
areas and with high spatial detail. 
Remote sensing has long been instrumental for mapping and monitoring forest cover 
changes and it was satellite imagery that highlighted widespread deforestation in the 
World’s tropical regions (Skole and Tucker 1993; Pfaff 1999). In contrast though, forest 
area is increasing in many developed nations due to combined effects of advances in 
agricultural productivity and increasing awareness regarding the environmental importance 
of forests (Lambin and Meyfroidt 2010; Meyfroidt and Lambin 2011). However, 
information on forests and forest cover changes are not always publicly accessible and we 
still lack comprehensive knowledge of spatio-temporally explicit forest cover dynamics, 
especially across large areas and with sufficient spatial detail to resolve the full range of 
forest change processes.  
Knowing forest area alone does not suffice. In many regions, natural primary forest is or 
has been converted to plantations and secondary forests. While the total forest area may 
remain stable or even increase, such forest types often do not provide the ecological 
services provided by natural forests (FAO 2005). Last but not least, the disturbance regime 
is crucial for ecological functioning, with related spatial disturbance patterns and 
frequencies being equally important to understand if natural disturbance regimes persist or 
have been replaced by forest harvesting. 
Remote sensing has established itself as the key technology for forest mapping and 
monitoring at different spatial and temporal scales. Sensor systems such as the Moderate 
Resolution Imaging Spectrometer (MODIS) enable global forest monitoring and can be 
used to map broad-scale changes in temperate forests (Potapov et al. 2009), but are limited 
in their ability to provide detailed information on forest composition changes or fine-scale 
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forest change processes. Data from the Landsat sensors, on the other hand, provide spatial 
and spectral detail that allows capturing forest attributes at adequate scales, while featuring 
archived data back to the early 1970s. When working over larger geographical extents (i.e., 
ecoregions, biomes or continents) at 30m spatial resolution, however, Landsat data analysis 
poses numerous challenges. The sensor-specific field-of-view and the resulting scene 
coverage, coupled with frequent cloud cover and phenological effects due to the timing of 
image acquisitions, require specific conceptual frameworks to allow for adequate mapping 
and monitoring over larger areas. The opening of the USGS Landsat archive in 2008 
sparked many new algorithms in this respect. Continental or even global Landsat data 
analyses are now feasible as advanced and automated preprocessing methods as well as 
improved processing and data storage capabilities allow for mass processing of imagery 
(Townshend et al. 2012; Wulder et al. 2012). 
One approach to better exploit the wealth of Landsat images with partial cloud cover are 
pixel-based compositing methods, which combine several images into one cloud-free 
composite (Roy et al. 2010; Potapov et al. 2011). Compositing algorithms were initially 
developed for wide-swath sensor data, where observations are very frequent, but no image 
is ever completely cloud-free, and reducing cloud contamination and other atmospheric 
effects is therefore essential (Holben 1986; Cihlar et al. 1994). For Landsat data, 
compositing offers comparable advantages, though. By selecting the best observation on a 
per-pixel basis, cloudy imagery (typically discarded within scene-based approaches) can be 
exploited for high quality observations and the 16-day repeat cycle can be overcome 
through utilization of the across track overlap between adjacent image acquisition paths, 
which is considerable at higher latitudes. A single, “global” classification/regression model 
can be trained and applied if composites have sufficient seasonal and radiometric 
consistency, making large area mapping and monitoring approaches with Landsat more 
practicable. 
Initial attempts to composite Landsat data were made during the generation of the Global 
Land Survey 2005 dataset (Gutman et al. 2008). Compositing was then used to fill data 
gaps in ETM+ imagery due to the failure of the scan line corrector since May 2003 
(Arvidson et al. 2006). Compositing has also been implemented to allow broad-scale 
deforestation mapping. Hansen et al. (2008), for example, produced two regional Landsat 
composites for change detection in the Congo basin and incorporated the MODIS 
Vegetation Continuous Field product (Hansen et al. 2003) for training of the classifiers. 
Potapov et al. (2011) studied boreal forest changes between 2000 and 2005 in European 
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Russia using composited Landsat data and achieved high agreement with independently 
derived samples of forest change. Both studies demonstrated the ability of Landsat imagery 
for wall-to-wall mapping and regional monitoring of forest cover changes. Thus, Landsat 
image compositing has so far greatly advanced regional forest mapping and monitoring 
with a focus on reporting changes in forest extents. It is therefore desirable to advance 
remote sensing based methods towards analyzing spatio-temporal patterns of forest types, 
disturbance and recovery regimes across large areas. Also, more applications in diverse 
forested regions of the world are necessary to advance compositing and related algorithms, 
and to better assess their potential and limitations. 
In this study, we utilize a series of large-area composites to map forest disturbances, forest 
recovery, and changes in forest types in a temperate forest region, the Carpathian ecoregion 
in Eastern Europe. The forests in the Carpathian Mountains represent Europe’s largest 
temperate forest ecosystem and are of exceptional ecological value, providing resources 
and ecological services to a region much larger than the Carpathians themselves. 
Carpathian forests have been exploited and managed for centuries, leading to the 
widespread conversion of natural forests (i.e., beech–dominated, deciduous and mixed 
forests) to monoculture plantations of Norway spruce (UNEP 2007; Keeton and Crow 
2009). These spruce plantations are highly susceptible to pest outbreaks and storm 
damages, and during the last decades forest managers are increasingly converting them to 
more natural forest types (Keeton and Crow 2009). The remaining semi-natural and old-
growth forests, on the other hand, are threatened by the major socio-economic restructuring 
processes that occurred with the transition from state-led to market-oriented economy after 
the collapse of Eastern European socialism (Kuemmerle et al. 2009a; Kuemmerle et al. 
2009b; Hostert et al. 2011b; Knorn et al. 2012a). This highlights the importance to analyze 
forest dynamics across the entire Carpathians. 
Accordingly, our goal here was to map forest disturbances and change in forest types 
across the Carpathian region from 1985 to 2010 using Landsat satellite images, applying 
automated image pre-processing and compositing as well as a hybrid change detection 
approach. Our specific research questions were: 
- How were broad forest types distributed in the Carpathians at the end of the socialist 
period and how did this distribution change over time? 




- What were the spatio-temporal patterns of post-disturbance forest recovery? 
The results of this study are publicly available (see http://www.hu-geomatics.de). 
2 Methods 
2.1 Study area 
We studied the Carpathian mountain range in Central Eastern Europe. The study region 
boundaries were based on the Carpathian Ecoregion Initiative (CERI) boundaries (CERI 
2001) and were extended to include adjacent administrative units in their entirety 
(Nomenclature of Territorial Units for Statistics (NUTS) level three, and oblasts in the case 
of Ukraine). The study region covered 390,000 km² including parts of the Czech Republic, 
Austria, Poland, Hungary, Ukraine, Romania and all of Slovakia (Fig.1). The total 
population of the Carpathian ecoregion is around 17 million (CERI 2001). The Carpathians 
extend in a curve shaped arc over a length of about 1,500 km at a maximal width of 
350 km. Elevations reach 2,600 m in the Tatra Mountains in Poland and Slovakia, and 
2,500 m in the Făgăraș Mountains in Romania. The region is characterized by a temperate 
continental climate. Precipitation ranges from 400 mm in the southeastern parts to over 
2000 mm at the highest elevations (Ptacek et al. 2009). Annual average temperatures vary 
with elevation and are about 2°C around mid-elevations (UNEP 2007). 
Forests cover between 50% and 60% of the Carpathian Ecoregion and  approximately 30% 
of the region is used for agriculture (Ruffini et al. 2008). The most common tree species 
are European beech (Fagus sylvatica), Norway spruce (Picea abies) and silver fir (Abies 
alba). Natural forest types follow a vertical stratification. Broadleaved forests (mostly 
beech mixed with pedunculate oak (Quercus robur), sycamore maple (Acer 
pseudoplantanus) and ash (Fraxinus excelsior)) and mixed forests (beech mixed with 
silver fir and Norway spruce) dominate the lowlands and the lower mountain forest zone, 
while spruce-fir forests dominate at higher elevations. The treeline is located at around 
1,500 m in the Tatra Mountains (Svajda et al. 2011). Despite centuries of human use, the 
Carpathians harbor the largest remains of semi-natural and virgin forests in Europe (Veen 
et al. 2010), provide habitat for Europe’s largest populations of wolves, lynx, brown bear 
(Salvatori et al. 2002) as well as European Bison, and feature about one third of all plant 
species in Europe, including many endemics (UNEP 2007).  
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Figure IV-1: The study region boundaries (red), the Carpathian Ecoregion (green), the national borders 
(black) overlaid on the best observation image composite for the target year 2005 (RGB = 4, 5, 3). A total of 
1,407 scenes were provided to the compositing algorithm, which was parameterized to produce a cloud free, 
leaf-on seasonal state composite, considering imagery from 2003 to 2007. A series of six similar composites 
was made at five year intervals between 1985 and 2010. Coverage of Landsat footprints is superimposed in 
grey rectangles. The small inset shows the regional setting (AU = Austria, CZ = Czech Republic, HU = 
Hungary, PL = Poland, SK = Slovakia, RO = Romania, UA = Ukraine). 
The Carpathian region underwent several major political and socio-economic changes in 
the 19th and 20th centuries. Since the 19th century, clear-cuts in former broadleaved or 
mixed forests were commonly replanted with non-native spruce species altering regional 
forest composition (Keeton and Crow 2009). Widespread forest decline occurred during 
the mid-1980s partly because of severe industrial pollution and acid rain, commonly 
followed by fungi and other pest outbreaks (Oszlanyi 1997; Csóka 2005) and coniferous 
stands generally declined more severely than deciduous stands (Badea et al. 2004). Natural 
disturbance regimes are dominated by wind falls and to lesser degrees by snow damages 
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and insect infestations, and forest fires are rare (Schelhaas et al. 2003). High intensity wind 
throws recently increased, especially in spruce plantations (Popa 2008). 
After 1989, collectively owned state forests were returned to the pre-1948 owners through 
restitution, distribution or auctioning in most of the Carpathians countries. Ukraine and 
Poland made exceptions, where most forests remained state property (Nijnik 2004; Kozak 
2010). In Slovakia and Romania between 50% and 60% of the forests are now under some 
form of non-state ownership (Abrudan et al. 2009; Weiss et al. 2012). Carpathian forests 
were heavily exploited during the socialist period (e.g. payments of war debts, developing 
industrial capabilities) and constituted a major source of state revenues (Nijnik and van 
Kooten 2000; Cioroianu 2007). Harvesting rates after the regime collapse, however, are not 
well known. Official statistics indicate declining harvesting activities (UNEP 2007), but in 
the Ukrainian Carpathians satellite data revealed increased forest disturbances before and 
after the system collapse (Kuemmerle et al. 2009a; Kuemmerle et al. 2009b). In Romania, 
higher forest harvesting due to uncertainty in tenure rights after restitution emerged only 
after 2000 (Griffiths et al. 2012; Knorn et al. 2012a). Today, all countries with the 
exception of Ukraine are in the European Union and the national forest legislations follow 
EU guidelines (Weiss et al. 2012). Altogether, this highlights the need to monitor forest 
changes in the region repeatedly and over longer time periods. 
2.2 Satellite data, pre-processing and compositing 
We utilize a compositing algorithm that combines tools to mask clouds and convert images 
to surface reflectance with a methodology to produce seasonally and radiometrically 
consistent image composites from the Landsat archive (Griffiths et al. 2013). Here, we 
compiled regional composites of Landsat data for six five-year time steps from 1985 to 
2010, and employed a hybrid analysis strategy consisting of radiometric change 
classification and post-classification map comparison to derive changes in forest area, 
forest disturbances, and forest types. In addition, we developed a method to quantify post-
disturbance forest recovery from the composited data using the disturbance index (Healey 
et al. 2005) and image segmentation. 
For the 32 footprints covering the study region (Fig.1), we obtained all precision terrain 
corrected Landsat imagery (L1T) from the USGS archive that were acquired between mid-
February and mid-November and that had metadata based cloud cover estimates of less 
than or equal to 70% (Table 1). To ensure radiometric consistency, we employed the 
Landsat Ecosystem Adaptive Processing System (LEDAPS, Masek et al. 2006), which 
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converts raw Landsat data to surface reflectance. Subsequently, we generated 
clouds/shadows masks for each image using the Fmask algorithm (Zhu and Woodcock 
2012). All masks were produced using conservative thresholds on cloud/shadow 
probabilities and the dilation parameter to capture as much clouds/shadows as possible. All 
imagery and masks were reprojected from the original UTM coordinate system to the 
Lambert Azimuthal Equal Area projection as our study region extended over three UTM 
zones. The total number of images available for compositing ranged between 323 for the 
1990 and 1,407 for the 2005 composite (Table 1). 
Table IV-1: Total number of images used to create the series of six image composites over the 32 footprints. 
Moreover, the distribution of acquisition dates is provided. 
    Number of Images with offset to target year   
Composite # images -2 -1 0 +1 +2 median DOY 
1985 547 0 65 24 251 207 210 
1990 323 94 43 29 92 65 204 
1995 397 112 257 16 4 8 205 
2000 647 0 75 192 169 211 185 
2005 1407 254 183 216 372 382 204 
2010 1370 249 420 392 305 4 198 
        
The objective during image compositing was to produce six regional image datasets at 
five-year intervals from 1985 to 2010 (hereafter: target years). For each composite we 
considered imagery from +/- two years around the target year (in the following referred to 
as “ca.1990 composite” for the composite with the target year 1990, etc.). The compositing 
algorithm was parameterized to produce cloud-free, best-observation composites of leaf-on 
phenology, while prioritizing acquisitions closest to the respective target year. The best 
observation was selected from all cloud-free acquisitions for a given pixel via a parametric 
decision function. The parameters were (1) the acquisition year, (2) the acquisition day-of-
year (which control annual and seasonal consistency, respectively), and (3) a pixel’s 
distance to the next cloud/shadow (greater distances are prioritized). For each unique 
acquisition, scores across the parameters were summed up and for a given pixel all spectral 
band values of the acquisition with the highest total score were written into the final best 
observation composite.  
The parameterization of the day-of-year (DOY) score was based on the analysis of data 
from areas with high data availability over a 10-year period. We assessed how well 
selected unchanged areas with a natural, climate driven phenology (i.e. natural grasslands 
and forests) spectrally corresponded to selected reference images, which were cloud-free 
and acquired as close as possible to the central day of a given year (July 2nd or DOY 183). 
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We used DOY 183 to approximate leaf-on peak photosynthetic activity and assessed 
correlations of all available imagery to the selected reference images using coefficients of 
determination of band five values. This allows to parameterize a Gaussian DOY score 
function (the resulting target DOY was 193 or July 12th with a standard deviation of 33 
days). We then calculated the DOY score offset values for +/-30 and +/-45 days and used 
these offsets to construct a piecewise linear year score function. This results, for example, 
in favoring acquisitions acquired within 30 days of the target DOY but with a one year 
offset to the target year, over images acquired within 45 days of the target DOY within the 
actual target year. Overall, developing the two temporal score functions interdependently, 
ensured that seasonal consistency was generally favored over annual consistency (Griffiths 
et al. 2013). 
In addition to the best observation composites, we calculated temporal-spectral variability 
measures and datasets providing meta-information on a per-pixel basis (hereafter: flag 
images) for each composite. The former utilize all available cloud free acquisitions for a 
given pixel to calculate the band-wise spectral mean bands and variability (standard 
deviation & range) bands. The flag images provide information on, for example, the year 
and day of year of the image acquisition, and the sun zenith angle during the acquisition. 
Both types of additional outputs provide valuable features for subsequent analyses. Further 
details on the compositing methodology are provided in Griffiths et al. (2013). 
2.3 Forest type, disturbance and recovery mapping 
In order to gain better understanding of the distribution of forest types across the 
Carpathians, as well as of how disturbances were distributed across forest types, we 
produced two forest type maps, one for 1985 and one for 2010, and classified deciduous, 
coniferous and mixed forests. The latter was defined as having neither a dominance (i.e. 
more than 70%) of deciduous nor coniferous trees (Herold et al. 2009). For each 
classification, we stacked the best-observation composite (6 bands), the spectral variability 
layers (19 bands) and selected flag images (year, DOY, decision score, and acquisition sun 
zenith angle), yielding 29 bands.  
Training data were selected independently for both classifications based on the 
interpretation of the original Landsat input data. We used spring and autumn acquisitions 
together with the summer leaf-on imagery to improve the delineation of our training data 
for conifer, deciduous and mixed forests. Areas where the forest type was clearly 
discernible were digitized on screen for both time steps simultaneously to ensure 
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comparability of both training datasets. Additional ancillary data for image interpretation 
and training data generation included high-resolution imagery in GoogleEarth, CORINE 
land-cover data and data from several field trips conducted in the Carpathians between 
2006 and 2011. The digitized training areas were spatially relatively evenly distributed 
over the study region and the total number of polygons was between 60 and 80 for the 
three forest classes combined, for both 1985 and 2010. We drew a stratified random sample 
of pixels from all training polygons to select the final training dataset, yielding 
approximately 4,500 pixels for the non-forest class and between 2,000 and 3,000 samples 
for each of the forest types.  
We used a Random Forests classifier for all classifications (Breiman 2001). Random 
Forests belong to the realm of machine learning classifiers and represent an ensemble of 
simple decision trees, each trained on a randomly selected feature subset. The final 
decision is made using a majority vote across all trees. Key advantages of Random Forests 
are that they can deal with all types of differently scaled data and that they can analyze 
large datasets very efficiently. Random Forests classifiers achieve comparable or better 
results than other classifiers, including other machine learning algorithms, with relatively 
small training data sets (Waske et al. 2010). We trained the Random Forests models based 
on 300 individual decision trees using the square root of the number of input bands as the 
number of random features considered at each decision tree split (Held et al. 2012). 
For the forest disturbance mapping, we assembled an image stack consisting of the six 
composites for the years 1985 through 2010 plus the spectral variability bands and selected 
flag images, yielding a total of 174 bands. We then digitized training data for the 
disturbance classes on screen based on composite datasets in conjunction with few original 
(i.e. not composited) Landsat scenes. We here defined forest disturbances as full canopy 
removal due to natural and/or anthropogenic processes. We also derived training data for 
stable forest areas, where the forest class (i.e., deciduous, mixed or coniferous forest) was 
clearly discernible and did not appear to change over time. The training dataset also 
featured a generic non-forest class, which included, for example, urban and agricultural 
land. We then performed a stratified-random sampling within the digitized areas, yielding 
approximately 2000 pixels for each of the five disturbance classes, ~3000 pixels for each 
of the forest classes and ~4500 pixels for the non-forest class. The stable forest type 
training areas identified here were also used for the forest type classifications. The 
radiometric change classification for the disturbance map was carried out with the Random 




Figure IV-2: An illustration of the recovery assessment methodology: the example shows (A) the disturbance 
map (the legend is provided on the lower right), and corresponding image chips for the years 1985, 1995 and 
2010.  For the central disturbance patch (indicated by the cross hair) the mean DI trajectory is shown (B, blue 
plot) as well as the resulting patch recovery metric (B, green plot). The patch mean pre-disturbance DI value 
is written into the first two recovery bands (1985, 1990), the disturbance magnitude is written into band three 
(1995) and the post-disturbance recovery status is written into bands four to six. 
We developed a continuous proxy for vegetation recovery for disturbance patches utilizing 
the disturbance index (DI, Healey et al. 2005)to evaluate post-disturbance recovery 
dynamics. As our recovery proxy approach quantifies spectral recovery only, it is not a 
direct measure of recovery in an ecological sense. Field visits and the substantial regional 
knowledge of the author team suggest that our recovery indicator is plausible. Still, as a 
validation of the recovery assessment would require extensive reference data or systematic 
field surveys on biomass recovery (both of which are not available), we caution that these 
results are experimental. We base our approach on the DI, which is a linear combination of 
the components of the Tasseled Cap transformation (Crist and Cicone 1984), which are 
normalized over the reflectance properties of the forest population in a Landsat image. We 
used those pixels identified as forest in both forest type maps as a “global” study area wide 
norming population to re-scale the Tasseled Cap components derived from the composites. 
While scene-specific normalizing might be desirable, our approach prevents the use of 
unrepresentative normalization statistics caused by, for example, scene statistics from very 
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cloudy images, which ultimately may cause unnecessary “patchiness” in the output layers. 
For each of the six target years, the DI was subsequently derived according to: 
( )DI Bn Gn Wn= − +  (1) 
where Bn, Gn and Wn were the normalized brightness, greenness and wetness components, 
respectively. We delineated disturbance patches based on an eight-pixel neighborhood and 
the disturbance map, and assessed the mean DI values for each disturbance patch.  
We derived six features that we used to assess post-disturbance recovery dynamics: patch-
level mean pre-disturbance DI value, the DI disturbance magnitude, and the post-
disturbance recovery status (Fig.2). The mean pre-disturbance DI value was obtained by 
simply averaging the patch DI values of the years preceding a disturbance event. The 
spectral disturbance magnitude was derived according to: 
( )Dist preDistYears DistYearMag mean DI DI= −  (2) 
where DIpreDistYears is the patch-based DI value in the years preceding the disturbance event, 
and DIDistYear is the patch-mean DI value in the year of disturbance detection. The post-
disturbance recovery status was derived as the percentage of recovery in a year following a 











For disturbance patches where the pre-disturbance DI value was higher than the post 
disturbance DI value, the spectral magnitude was set to zero. This allowed for eliminating 
such patches during post-processing, as these cases likely represent false positive 
detections. We applied a minimum mapping unit of 3 pixels (i.e., 0.27 ha) using an 8-pixel 
neighborhood to the resulting forest type and the disturbance maps, recoding patches 
smaller than this threshold to the surrounding class.  
The initial disturbance classification yielded high levels of false positives for the 
1985/1990 and the 1995/2000 disturbance classes, due to falsely detected disturbance 
events on non-forest land which might relate to erroneous training pixels and likely the 
generally poorer data coverage for the first three target year composites (Table 1). To 
correct for this, a patch mapped as disturbance 1985/1990 or 1995/2000 was recoded to 
non-forest if the disturbance magnitude was zero. To further reduce false positives, patches 
classified as disturbed between 1985/1990 were recoded to non-forest if less than 50% of 
its pixels were mapped as non-forest in the 1985 forest type map. Second, for the 
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1985/1990 class, if the patch-mean 1985 DI value was high and the disturbance magnitude 
was low, this patch was recoded to the non-forest class. After carefully investigating such 
cases we used 3 and 0.7 as the respective thresholds. Finally, if the pre-disturbance DI 
value was higher than all subsequent patch-based DI values, the patch was recoded to a 
new class: “recovery from pre 1985 disturbance”, as these cases mostly related to forest 
stands recovering from disturbances that occurred before 1985. 
2.4 Forest inventory data, validation strategy, and result summaries 
For the validation of the forest disturbance map, we gathered a stratified random sample of 
700 points for all stable forests, 600 for the non-forest class, and a total of 650 points for 
the five disturbance classes. All samples were visually interpreted by independent analysts 
using original Landsat images and the composite imagery, as well as high resolution 
imagery in GoogleEarth (Cohen et al. 2010) and labeled each sample according to the 
interpreted class membership. As some samples could not be labeled due to data gaps, the 
final number of interpreted samples was 1,873. We accounted for the stratified sampling 
design by correcting the resulting confusion matrix by the area proportions of each class 
(Foody 2002). We corrected our accuracy estimates for potential sampling bias, calculated 
true area estimates for all disturbance classes and assessed the 95% confidence intervals 
around these estimates (Card 1982; Olofsson et al. 2013). Finally, we used those samples 
that were either interpreted as permanent forest or non-forest to validate the forest area 
delineation in the forest type maps for 1985 and 2010. This yielded error adjusted area 
estimates and the 95% confidence interval around them. 
The validation of the forest type maps was more demanding, because determining the true 
composition of a forest on the ground reliably based on the Landsat data alone is not 
feasible. First, we compared our map with forest inventory data for Slovakia, Romania and 
Poland. All forest inventory data was generated after the year 2000 and provided varying 
levels of detail and spatial extent. For example, the Slovakian forest inventory data covered 
the entire country at the individual stand level and provided estimates of the proportion of 
five dominant species at 1% intervals. For Poland and Romania, the species composition 
was provided in 10% intervals. We categorized individual forest management stands into 
deciduous, mixed or coniferous forest based on these species compositions by aggregating 
our remote sensing based forest type classification to the same stand polygon boundaries 
and applying the 70% species composition threshold. We selected all units of 1 ha 
(11 pixels) and above to validate the 2010 forest type map. We thereby reduced 
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uncertainties from geometric inconsistencies between field and satellite data. Units where 
our disturbance map indicated disturbances between 2005/2010 were excluded. Using a 
total of over 300,000 units, we created confusion matrices and assessed commission and 
omission errors for Slovakia, Poland and Romania. We used the Land use/Cover Area 
frame statistical Survey (LUCAS, Palmieri et al. 2011) from 2009 as an additional data 
source for validating the 2010 forest type map. The LUCAS data are based on a systematic 
sampling design and field visits and provide information on land cover and land use across 
Europe, but do not include Romania and Ukraine. The forest classes in the LUCAS legend 
use a 75% composition threshold which is close to our 70% value. After discarding forest 
samples with unsuited land use categories (e.g. fisheries), we extracted a total sample of 
2,965 points for the three forest classes.  
In order to validate the 1985 forest type map, we created sub selections of the inventory 
data, including all units that had an estimated stand age of at least 30 years and that were at 
least 1 ha in size. The former step ensured that the forest composition in these units had not 
changed between 1985 and 2010 while the latter reduced uncertainties due to geometric 
alignment of inventory and composite data. For the Romanian inventory data we only 
selected units with at least 60% estimated stand closure in 2010 in order to further reduce 
units that had changed since 1985. For Poland, only about 40 out of 11,000 forest 
management units remained for the validation of the deciduous forest class and we 
therefore did not use the Polish inventory data to validate the 1985 forest type map. The 
total sample size for the validation of the 1985 forest type map was 216,000 units. 
To summarize our classifications, we calculated the total forest area and the distribution of 
the three forest types for 1985 and 2010 for the 7 countries in our study region. We 
assumed that changes in forest types in the Carpathians can only happen if a pixel 
experienced disturbance. We calculated forest disturbances for the different points in time 
and the individual countries. We also calculated pre-disturbance forest cover for each 
disturbance patch for the different countries and the post-disturbance recovery dynamics 
for the five disturbance classes. For the former, we segmented all disturbance patches and 
categorized each patch as coniferous, mixed or deciduous if the percentage of pixels from 
the respective class was >70%. In order to be able to categorize inventory units where none 
of the forest types had a sufficient forest type share, the percentage of mixed forest pixels 
was evenly distributed between deciduous and coniferous forest. If then neither deciduous 
nor coniferous achieved more than 70%, the patch was categorized as mixed forest. 
Disturbance patches with less than 50% of forest pixels were categorized as non-forest.  
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We also derived the net change rate and summarized annual disturbance rates (Kuemmerle 
et al. 2009a) on the basis of administrative units (NUTS3 for Romania, Hungary and 















=  (5) 
where NCR is the net change rate with FC1985 denoting forest cover in the 1985 map, DR is 
the annual disturbance rate for the administrative unit at time period j, D are the 
disturbances at time period j, FC is the forest cover at time period j and a is the number of 
years between image acquisitions. Here we used the 1985 forest cover, but subtracted the 
disturbed forest area since 1985 and added formerly disturbed pixels if they had recovered, 
i.e. the post disturbance recovery rate was at least 70%. As the composites contained pixels 
from different years, we assessed the average time difference between two points in time 
(term a in equation (5)). Finally, we derived a relative disturbance recovery rate RRj for the 
years 1995 (i.e. the first year that recovery from disturbance could have occurred in our 












Where cumRec is the cumulated recovery from disturbances through the years 1995 to j 
(using the 70% recovery threshold), cumD is the cumulated disturbances for the years 
1985 to j. 
Table IV-2: Annual and seasonal composition of pixels in the six generated composite datasets. Annual 
composition refers to the offset in years to the respective target year, seasonal composition refers to the 
percentage of pixels with a relative acquisition date within 30 and 45 days from the target DOY (193 or July 
12th). 
  Annual composition [%] 
 
Seasonal composition [%] 
Year -2 -1 0 +1 +2 NoData ± 30 days ± 45 days 
1985 --- 5.42 38.07 41.71 14.81 0.01 82.81 98.74 
1990 6.04 21.86 29.44 25.02 17.08 0.56 95.88 98.36 
1995 4.25 82.05 13.60 0.02 0.01 0.08 97.65 99.51 
2000 --- 4.57 68.08 25.98 1.36 0.00 85.01 99.71 
2005 0.08 2.48 61.64 34.03 1.78 0.00 98.76 99.96 
2010 0.04 7.64 90.75 1.58 0.00 0.00 97.70 99.98 
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3 Results 
3.1 Image compositing 
Using the 4,691 preprocessed Landsat images, we generated six cloud-free, best-
observation composites that provided observations for almost all pixels in the study region 
(the ca.1990 composite lacked observations for 0.6% of pixels). The overall annual 
consistency (i.e. offset to target year) was high: more than 98% of pixels had been acquired 
within one year of the respective target year for the ca.2000, 2005 and 2010 composites 
(Table 2). Similarly, high overall seasonal consistency (i.e. relative offset to the target 
DOY) was achieved, with four out of six composites containing 95% of observations from 
within 30 days of the target DOY. 
3.2 Forest composition and changes within forest types 
Our error adjusted area estimates suggest that the total forest area in the study region 
increased slightly from 39.4% in 1985 (153,000 km² ±6,764 km²) to 40.3% in 2010 
(157,000 km² ±6,086 km²). The overall composition of forest types in the study region 
changed markedly: Coniferous forests made up 30% of the forest area in 1985 but only 
23% in 2010. The share of mixed forests decreased by 2.3% between 1985 and 2010 while 
the percentage of deciduous forests increased by 9%. 
Table IV-3: Summary of forest cover changes between 1985 and 2010 for the country areas in the study 
region. Provided is the total forest area for 1985 and 2010 as well as the proportion of the three forest types 
of the total forest area and the changes in forest area and forest type proportions (CF = coniferous forest, MF 
= mixed forest, DF = deciduous forest). 
  1985 [km²] 1985 [%] 2010 [km²] 2010 [%] Changes 2010 - 1985 
  CF MF DF Forest CF MF DF CF MF DF Forest CF MF DF Forest [km²] Forest [%] CF [%] MF [%] DF [%] 
Austria 213 211 1205 22.4 13.1 13.1 74 192 196 1317 23.4 11.2 11.47 77.3 75 1.0 -1.8 -1.5 3.3 
Czech Rep. 4157 2362 2967 36.1 43.8 24.9 31.3 3819 2148 3744 36.9 39 22.12 38.6 224 0.9 -4.5 -2.8 7.3 
Hungary 410 602 5070 17.5 6.8 9.9 83.4 444 565 6943 22.9 5.6 7.11 87.3 1871 5.4 -1.2 -2.8 3.9 
Poland 7307 5462 3918 36.7 43.8 32.7 23.5 7466 5441 5558 40.6 40.4 29.46 30.1 1778 3.9 -3.4 -3.3 6.7 
Romania 16354 20473 23447 35.5 27.1 33.9 38.9 14382 22806 34397 42.2 20.1 31.86 48.1 11311 6.7 -7.0 -2.1 9.2 
Slovakia 4925 5820 11812 46 21.8 25.8 52.4 4082 5702 13370 47.2 17.6 24.62 57.7 597 1.2 -4.2 -1.2 5.4 
Ukraine 7493 6481 7747 38.4 34.5 29.8 35.6 6491 6620 11726 43.9 26.1 26.66 47.2 3116 5.5 -8.4 -3.2 11.6 
                    
On the per country level, forests covered between 47% in the Slovakian and 23% in the 
Hungarian parts of the study region in 2010. An increase in the countries forest area was 
found in all countries, but was most pronounced in Romania, Ukraine and Hungary 
(Table 3, Fig. 3). The composition of the countries forest area in the Carpathians differed 
considerably. For example, the 2010 forest area in Hungary featured 87% of deciduous 
forests while these only accounted for 30% of the forest area in Poland. Forests in the 
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Polish and the Czech parts of the study region were clearly dominated by coniferous 
forests (both 44% in 1985). The largest changes in forest composition occurred in Romania 
and Ukraine: coniferous forests decreased by 8.4% and 7%, while deciduous forests 
increased 12% and 9%, respectively, between 1985 and 2010. Several countries featured 
decreasing proportions of mixed forest, most notably Poland, Hungary and Czech Republic 
(Table 3, Fig. 3). 
 
Figure IV-3: Total forest area and forest type by country for the years 1985 and 2010 in square kilometers 
(top), changes in the proportion of forest types between 1985 and 2010 for the seven countries, expressed as 
the percentage of the total country forest area in the study region (bottom). 
3.3 Forest disturbances 
Forest disturbances were infrequent and spatially dispersed in the Austrian part of the study 
region but were very abundant and occurred highly clustered in the Ukrainian and 
Romanian parts of the study region (Fig.4). We also observed strong differences within 
countries, for example disturbances were rather scarce in the eastern parts of the Polish 
Carpathians but were highly abundant and formed distinct hotspots in the western and 
southwestern Polish Carpathians.  
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Figure IV-4: The disturbance map showing the stable forest areas as well as the five disturbance classes, the 
national boundaries are overlaid in white. The extent of four details in the disturbance map is indicated by the 
red frames. Below we provide for each detail the disturbance map subset along with the respective composite 




Figure IV-5: Error adjusted area estimates of disturbed forest area for the five disturbance classes in square 
kilometers, with error bars indicating the 95% confidence interval around these estimates (top). Disturbed 
forest area for the five disturbance classes and the seven countries in the study area, expressed as the 
percentage of the 2010 country’s forest cover in the study region (bottom).  
According to our error adjusted area estimates, the total area of forest disturbances detected 
between 1985 and 2010 amounted to 30,800 km² (±6,629 km²), which related to 19.4% of 
the 2010 forest area (Fig.5). Overall, most disturbances occurred between 1985/1990 
(~30%) while the least disturbances took place between 2005/2010 (13%). 
On the per-country basis, the greatest total forest area mapped as disturbed occurred in 
Romania between 1995/2000 with more than 2,500 km² (3,5% of the 2010 forest area in 
Romania, Fig.5). In most countries, disturbances were mainly detected between 
1985/1990, with the exception of Romania and Ukraine. The Romanian Carpathians 
exhibited continuously increasing levels of disturbance until 2000/2005 when disturbances 
decreased substantially. Disturbances in the Ukrainian Carpathians peaked during 
1990/1995 and then decreased continuously thereafter. Comparable temporal patterns, 
albeit of differing magnitude, were observed for the Czech, Polish and Slovakian 
Carpathians: sharp drops in disturbance levels after 1985/1990, and increasing levels of 
disturbance in the more recent years of the analysis. 
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Figure IV-6: (A) Annual disturbance rates provided for the five disturbance periods and the administrative 
units in the study region (NUTS3 level for Austria, Hungary and Romania,  district level for Czech Republic, 
Poland, Ukraine and Slovakia), (B) relative disturbance recovery rate, (C) relative net Change rate, (D) 
percent 2010 forest cover per region.  
With regard to the disturbances aggregated to the level of administrative units, the mean 
annual disturbance rates decreased from 0.9% and 1% between 1985/1990 and 1990/1995, 
to no higher than 0.5% during subsequent years. The highest disturbance rates during the 
early periods (i.e. between 1985 and 1995) concentrated on the Czech and Polish 
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Carpathians as well as on the Ukrainian and Romanian boarder region (Fig.6A). This 
overall pattern changed considerably starting from 1995/2000: annual disturbance rates 
decreased markedly in all formerly mentioned regions and the highest disturbance rates 
were now detected within Romania (especially Covasna and Harghita regions). During 
2005/2010 the Polish, Slovak and Czech boarder region emerged as a distinct disturbance 
hotspot. 
 
Figure IV-7: Disturbance patch-based pre-disturbance forest type, provided for the five disturbance classes 
and the seven countries in the study region, expressed as the percentage of all disturbance patches of a given 
class in a given country. 
The examination of the pre-disturbance forest types clearly suggests that disturbance 
increasingly occurred within coniferous forests (Fig.7). This was especially true for the 
Polish, Czech, and Slovakian parts of the study region: the percentage of disturbances in 
coniferous forests more than doubled in Poland and Czech Republic between 1985 and 
2010 and more than quadrupled in the Slovakian Carpathians between the same years. A 
similar increase was also observed in Romania and Ukraine, however to a slightly lesser 
degree. In Hungary, the percentage of disturbances occurring in coniferous and mixed 
forests remained relatively stable, and most disturbances were detected in deciduous 
forests. 
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Figure IV-8: The percentage of disturbance patches that had recovered by at least 70% spectral recovery 
magnitude in 2010, provided for the seven countries in the study region and the five disturbance classes. 
3.4 Forest recovery from disturbance 
Post-disturbance recovery assessed in 2010 was most pronounced in the Hungarian, 
Romanian and Ukrainian Carpathians and much weaker in the Czech, Polish and Slovakian 
parts of the study region (Fig.8). Recovery from disturbance in Slovakia was strong during 
1985/1990 and 1990/1995, but much weaker during the later periods. On the contrary, 
recovering patches disturbed between 1985/1990 in the Hungarian Carpathians did not 
show exceptional recovery tendencies when compared to other regions, but Hungary 
showed the strongest recovery dynamics among the Carpathian countries for all subsequent 
disturbance classes. In all countries (except Romania and Czech Republic) more 
disturbances patches had recovered from 1990/1995 disturbance events compared to those 
detected between 1985/1990.  
The recovery rate (RRj) at the level of administrative units revealed lower recovery 
dynamics during 2000 in the eastern and southern Carpathians of Romania, but higher 
recovery rates in western Romania (Fig.6B). The northeastern Romanian Carpathians 
continued to exhibit lower recovery dynamics through 2005 and 2010 compared to other 
regions in the Romanian Carpathians. The relative recovery rate in the Slovakian, Polish 
and Czech boarder region decreased noticeably in 2010, which is related to the increasing 
prevalence of large-scale disturbances that occurred between 2000 and 2010 and 




Figure IV-9: Four process examples (all provided at 1:475,000 scale): (A) areas with pronounced forest cover 
increase between 1985 and 2010 on former agricultural land in Hungary (forest type maps and composite 
subsets provided for 1985 and 2010), (B) large-scale disturbances in the Polish-Slovakian-Czech border 
region, (C) disturbance patterns in Czech Republic, (D) large-scale disturbances in the Romanian Eastern 
Carpathians (The legend for the forest type and disturbance map is provided in Fig.4). 
When we assessed the relative net change in forest cover aggregated to administrative 
units, the overall pattern revealed a cluster of districts with strong negative balance in the 
Western Carpathians (Czech, Polish and Slovakian border region, Fig.6C). The strongest 
net increase in forest cover was observed in the foothills and forelands of the Polish and 
Ukrainian Carpathians, but also several areas in north eastern Hungary and western 
Romania showed overall positive balances. 
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3.5 Mapping accuracy 
After accounting for the potential bias due to the stratified sampling design (Olofsson et al. 
2013), our disturbance map achieved an overall accuracy of 85.8%. The stable deciduous 
and coniferous forest classes achieved relatively high user’s and producer’s accuracies, 
while the mixed forest class resulted in lower accuracies predominantly related to 
confusion with the other forest classes (Tables 4 & 5). 
Table IV-4: Summary of the disturbance map validation (omission and commission errors provided). 
Disturbance map class Omission Commission 
Coniferous forest 38.03% 12.58% 
Mixed forest 36.03% 47.12% 
Deciduous forest 21.63% 23.87% 
Disturbance 1985/1990 61.51% 31.37% 
Disturbance 1990/1995 54.15% 33.56% 
Disturbance 1995/2000 43.52% 17.86% 
Disturbance 2000/2005 55.56% 23.20% 
Disturbance 2005/2010 31.27% 19.35% 
Non forest 1.31% 6.19% 
   
All disturbance classes contained higher omission than commission errors, with the highest 
commission errors assessed for the 1985/1990 disturbance class, partly owed to falsely 
detected disturbances on non-forest areas. Omission errors were considerably higher for 
the earlier disturbance classes, and commission errors were lower for the more recent 
disturbance classes (no more than 23%, Table 4). Errors within the disturbance classes 
were predominantly related to the timing, with the exception of the 2005/2010 disturbance 
class (Table 5). 
Table IV-5: Confusion matrix obtained from the validation of the disturbance map (CF = coniferous forest, 
MF = mixed forest, DF = deciduous forest, NF = non forest, DYY/YY refers to the disturbance class detected 












CF 139 10 1 - 2 1 2 2 2 159 
MF 48 110 32 3 2 4 7 1 1 208 
DF 8 30 185 1 2 3 4 3 7 243 
D85/90 4 9 6 70 4 - - - 9 102 
D90/95 11 11 6 4 97 8 - 1 8 146 
D95/00 5 3 5 4 3 138 5 - 5 168 
D00/05 8 5 - 2 4 5 96 1 4 125 
D05/10 5 2 3 1 - 1 10 100 2 124 
NF 3 4 13 11 4 2 - - 561 598 
 Sum 231 184 251 96 118 162 124 108 599 1873 
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Using the interpreted sample of permanent forest and non-forest validation points, the 
forest area delineation achieved overall accuracies of 95% for the 1985 and 98% for the 
2010 forest type maps. The comparison of our forest type maps with the forest inventory 
data resulted in overall accuracies ranging from 73% in Slovakia for 1985 to 57% in 
Poland for the 2010 map (Table 6). 
Table IV-6: Summary of the comparison of the 1985 and 2010 forest type maps with forest inventory data 
(omission and commission errors provided), for 2010 comparison with statistically sampled ground truth data 
is additionally provided (OAC = overall accuracy). 
 
Omission Commission 
2010 Combined OAC = 68.24% 
Coniferous 44.31% 9.32% 
Mixed 55.77% 73.34% 
Deciduous 15.82% 21.25% 
2010 Romania OAC = 59.65% 
Coniferous 41.00% 2.29% 
Mixed 33.81% 80.15% 
Deciduous 41.59% 30.92% 
2010 Poland OAC = 57.35% 
Coniferous 22.70% 29.58% 
Mixed 62.44% 58.41% 
Deciduous 61.45% 57.54% 
2010 Slovakia OAC = 69.12% 
Coniferous 46.02% 7.31% 
Mixed 55.90% 73.65% 
Deciduous 14.39% 20.55% 
2010 LUCAS OAC = 63.43% 
Coniferous 33.08% 44.32% 
Mixed 62.00% 58.19% 
Deciduous 24.46% 21.08% 
1985 Combined OAC = 71.19% 
Coniferous 40.95% 7.52% 
Mixed 45.89% 74.07% 
Deciduous 16.13% 15.44% 
1985 Romania OAC = 65.86% 
Coniferous 22.25% 7.10% 
Mixed 38.84% 79.51% 
Deciduous 51.14% 23.78% 
1985 Slovakia OAC = 72.81% 
Coniferous 40.70% 4.97% 
Mixed 48.43% 74.90% 
Deciduous 13.77% 15.30% 
   
The overall agreement with the inventory data across countries was 68% for 2010 and 71% 
for 1985. Mixed forests had the highest omission and commission errors, while deciduous 
and coniferous forest errors were lower. The coniferous forest class had the lowest errors of 
commission in Romania and Slovakia (all below 10%), but omission errors were higher 
  Forest dynamics in the Carpathians 
97 
(up to 41%). The deciduous forest class was validated with omission and commission 
errors of no more than 15% in Slovakia in 1985, but errors were considerably higher in the 
Polish Carpathians. The validation of the 2010 forest type map based on LUCAS data 
resulted in an overall accuracy of 63%. The deciduous forest classes had omission and 
commission errors of no more than 25% and the coniferous class had only slightly higher 
uncertainty. The mixed forest class also had high uncertainties using the LUCAS data for 
validation (Table 6). 
4. Discussion 
Understanding changes in forest cover is crucial in order to address many environmental 
and resource related questions and results are most valuable, when major forest types and 
their changes are captured. Wall-to-wall analyses for large regions help avoiding 
extrapolations from case studies to larger regions, thereby potentially reducing 
uncertainties. We utilized the full Landsat archive as well as the automated image pre-
processing and compositing algorithms to analyze changes in forest composition, forest 
disturbances and recovery from disturbance for the Carpathian ecoregion since the mid-
1980s. Forests in the Carpathians have changed considerably over the past 25 years. Our 
results suggest a slight net increase in forest cover. Forest composition in the Carpathians 
changed markedly over the past 25 years. The share of mixed and especially coniferous 
forest decreased, while deciduous forest increased. While forest cover has likely increased 
locally due to abandoned agriculture or afforestation policies (Mueller et al. 2009; Kozak 
2010; Baumann et al. 2011), our results indicate that almost 20% of the forests in the study 
area experienced disturbances, which can take a long time to regrow to forests again 
without targeted reforestation measures. Changes in forest composition, on the other hand, 
may reflect a shift towards sustainable forest management principles and a deemphasizing 
of timber production, but could also be the result of insect and pollution damages that 
mainly affect coniferous forests and especially plantations. Forest disturbances have 
overall decreased since the mid-1980s, most likely due to diminishing activities in the 
forestry sectors since the system change and a decreasing emphasis on economic returns. 
Forest recovery from disturbance showed regional variation and was overall most 
pronounced in Romania and Hungary and much weaker in Czech Republic and Poland.  
A net forest cover increase has been reported for individual regions in the Carpathians (e.g. 
Kozak et al. 2007 for the Northern Carpathians) and on the national level in official forest 
Chapter IV 
98 
statistics (FAO 2010; Feranec et al. 2010). In accordance with those findings, our results 
also show a slight increase in net forest cover, which is however related to some 
uncertainty as the net forest cover increase was well within the confidence interval of the 
forest area estimates for 1985 and 2010. Agricultural land abandonment on former 
collectively managed land and decreasing grazing pressure at the timber line (Mihai et al. 
2006) have resulted in increased forest cover locally, partly due to natural forest expansion 
and partly due to forest planting (Fig.9A,  Oszlanyi 1997; Nijnik and van Kooten 2000; 
Abrudan et al. 2003; Kozak 2010). Land abandonment was most widespread in Ukraine 
(Baumann et al. 2011; Kuemmerle et al. 2011) and in Romania (Kuemmerle et al. 2009c; 
Mueller et al. 2009) but also occurred in Poland (Kozak et al. 2004). In 2010, i.e. about 20 
years after the collapse of socialism, these areas have often matured from shrubland and 
early successional forests to young forest stands that can potentially be detected in Landsat 
data. Nevertheless, with almost 20% of Carpathian forests experiencing stand-replacing 
disturbances over the same time period, the net effect of these processes is overall small 
and is counterbalanced by the relatively slow recovery of forests, as forest planting is often 
not carried out and natural regeneration takes longer. 
The overall composition of forests in the Carpathians underwent profound changes, and we 
found increasing dominance of broadleaved forests. Coniferous monocultures were 
originally economically motivated, but forest managers increasingly recognize and value 
ecological and social forest functions (UNEP 2007; Keeton and Crow 2009). The decrease 
in coniferous forests was largest in Romania and Ukraine. We observed large-scale 
disturbance patterns in both countries for the periods 1995/2000 and 2000/2005 which are 
untypical for harvesting activities (e.g. Fig.9D). Field evidence suggests that most of those 
disturbances can be attributed to large-scale wind throw or snow break events. This is not 
surprising, however, as both countries’ forestry sectors focused on widespread 
establishment of spruce plantations in earlier decades. These spruce plantations are 
vulnerable to storm or snow damages and also often suffer from pest outbreaks (Oszlanyi 
1997; Badea et al. 2004; Csóka 2005). In accordance with a change in management 
practices towards multifunctional forestry, those plantations are today often converted into 
stands dominated by deciduous species after harvesting (Keeton and Crow 2009). 
Similarly, spruce forests experienced widespread pest outbreaks, dieback and large scale 
wind damages in the Czech and Polish Carpathians (Main-Knorn et al. 2009). In most 
Carpathian countries, disturbances were increasingly encountered in former coniferous 
forests (Fig.7). Maturing coniferous stands and especially spruce plantations are 
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increasingly vulnerable to wind damages and pest outbreaks (Nijnik 2004; Csóka 2005; 
Keeton and Crow 2009). Infested or degraded stands are subsequently subject to sanitary 
logging activities. Thus, forest managers are likely to harvest maturing spruce stands 
before the actual rotation age is reached to avoid suffering economic losses.   
Forest disturbances were overall most abundant during the early periods of our analysis, 
especially 1985/1990 (Fig.5). Disturbances generally decreased thereafter, but several areas 
also exhibited extensive disturbances in later years. For example the Czech, Slovakian and 
Polish border region featured high disturbance rates between 2005/2010 (Fig.6A & 9B), 
while during the same period high disturbance rates occurred in northeastern Romania 
(Fig.6A). Natural disturbances in the Carpathians are mostly caused by wind and snow but 
often affect forests weakened by pests, insects or industrial pollution (Oszlanyi 1997). 
Forest fires are rare, especially large fires occur infrequently (Anfodillo et al. 2008). While 
wind damages are often below our minimum mapping unit (Popa 2008), large scale 
disturbances in recent decades increased in frequency and have occurred, for example in 
the Romanian Eastern Carpathians (Fig.9D) in 1994 (Mihalciuc et al. 1999) and in 
Slovakian Tatra Mountains (Fig.4) in 2004 (Soltes et al. 2010). All natural disturbances are 
typically followed by salvage logging which commonly account for a considerable 
proportion of the total annual cut, for example between 40% and 60% in the case of 
Slovakia since 1985 (Oszlanyi 1997). Following the 2004 wind throw in the Tatra 
Mountains which blew down 12,000 ha of forests (Fig.4, example 2), the regional timber 
market was saturated for years as a result of extensive salvage logging which again led to 
decreased timber harvesting (Suchomel et al. 2011). 
However, the majority of detected disturbances are likely related to logging that occurred 
independent of prior natural disturbance events. Reasons for the elevated disturbance levels 
in 1985/1990 and 1990/1995 most likely relate to the fact that the timber industry was a 
major source of revenues and ensured large guaranteed outlet markets during socialist time. 
Especially in Ukraine, foresters continued to manage forest logging based on large scale 
clear cuts and timber remained a central source of economic revenues long after the 
collapse of socialism (Turnock 2002; UNEP 2007). Our results show that disturbance 
levels dropped after 1995 in many regions (Fig.6A). With the collapse of socialism in 
Eastern Europe, the timber products industry collapsed as well and subsequently had to be 
restructured, resulting in less logging (Csóka 2005). Moreover, as a result of excessive 
timber exploitation in the Ukrainian Carpathians under communism, most mature stands 
have been harvested, age structure of remaining stands has shifted to younger ages and 
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consequently timber harvesting decreased, which is also reflected in our results (Nijnik and 
van Kooten 2000). Official round wood extraction statistics support our findings for 
Slovakia and Hungary, but differ for Ukraine and Czech Republic where national statistics 
show increasing levels of timber extraction since 1990 (FAO 2010). Partly, this might 
relate to increased commercial thinning rather than clear-cutting that has been reported in 
Ukraine for recent years, due to a lack of mature stands (Nijnik and van Kooten 2000; 
Nijnik 2004). As thinning activities are mostly not captured in our mapping approach, this 
aspect might have influenced decreasing disturbance levels in our results. In Poland and 
the Czech Republic, disturbances decreased considerably after 1995, but increased again in 
2005/2010 likely due to widespread spruce decline and subsequent salvage logging in the 
Polish-Czech-Slovakian border region (Main-Knorn et al. 2009). 
In addition to changes in forest management objectives and natural forest disturbances, 
forest ownership changes also most likely affected the observed disturbance rates. While in 
Ukraine and Poland most forests remained property of the federal state, in other countries 
forest ownership has changed substantially. For example in the case of Romania, forests 
were largely restituted based on three forest restitution laws since 1991 (Abrudan et al. 
2009). With poor management regulations for privately owned forest in the first years of 
the restitution process as well as uncertainties regarding the permanence of obtained tenure 
rights, many new forest owners opted for immediate economic benefits rather than 
sustainable forestry leading to increased logging, especially after 2000 (Irimie and 
Essmann 2009; Vasile 2009). As a consequence, increased foreign investment in the 
Romanian forestry sector has been documented since 2000 (Ioras and Abrudan 2006) and 
could represent a potential driver of increasing disturbance levels observed between 
2005/2010. In Slovakia, restitution of forests continues and more than 50% of forests are 
non-state owned (Weiss et al. 2012). However, many restituted forest areas are now within 
protected areas or under other forms of conservation which represents a major source of 
conflicts in both, Romania (Knorn et al. 2012b) and Slovakia (Kovalčík et al. 2012; 
Sarvasova et al. 2012). 
Our results show that post-disturbance forest recovery differed considerably among the 
countries in the Carpathians (Fig.8). Especially in recent years, forest disturbances in 
Hungary, Romania and Ukraine showed markedly stronger recovery than in the Czech, 
Polish or Slovakian Carpathians. Natural recovery after harvests is favored over replanting 
throughout the Carpathians, the latter being predominantly utilized for stand conversion 
and restoration forestry (UNEP 2007; Keeton and Crow 2009). However, natural recovery 
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is generally slow and can take several decades depending on the forest type, topography, 
soil quality, and forest management history. Overall natural regeneration has likely not 
counterbalanced the widespread disturbances that amounted to 20% of the Carpathian 
forests over the study period. 
Our approach highlighted that detailed mapping of forest types, forest disturbances and 
forest recovery is possible using large-area composites of Landsat data. The overall spatial 
and temporal patterns of detected disturbances in the Ukrainian Carpathians agree well 
with results of previous studies, e.g., by Kuemmerle et al. (2009a). Even though the 
temporal intervals of the incorporated imagery are not directly comparable, we identified 
approximately 2.6% more disturbances in western Ukraine than Kuemmerle et al (2009a). 
With respect to the extent of the study area and the complexity of the target classes the 
achieved accuracies indicated overall reliable results, but few sources of uncertainty 
deserve particular mention. While composited surface reflectance data allow for 
extrapolating training data across large areas, the generation of representative training data 
over large areas with high spatial detail is not a trivial task. It is challenging to account for 
the total spectral variability of target classes across space and time and thus approaches for 
automated training data generation hold great potential and should be further pursued 
(Huang et al. 2008). We detected fewer disturbances during the later years and these also 
related to much smaller levels of uncertainty. Overall, the individual disturbance class 
accuracies showed higher levels of omission than commission errors (Table 4), which 
suggest that the total extent of disturbances in our results is rather conservative. The forest 
type maps achieved high accuracies for the deciduous and coniferous forests classes while 
the mixed forest class related to considerable uncertainties. Due to its mixed nature, the 
mixed forest class is intrinsically challenging to map and the comparison of rather 
subjectively gathered training data with objectively measured inventory data is 
problematic. Moreover, while absolute and relative geometric accuracy of L1T imagery is 
unprecedented, some images especially for the years between 1985 and 1995, exhibited 
some spatial inaccuracies and automated geometric quality assessments should be 
incorporated into future compositing approaches (Gao et al. 2009). 
Overall, temporal compositing of Landsat imagery holds great potential for land cover 
mapping and change detection on regional to continental scales. Data availability for the 
1980s and 1990s was generally lower (Table 1), but compositing still allowed for 
assembling of regional, cloud-free datasets. Consistent surface reflectance measurements 
for historic acquisitions are a great asset, and allow for radiometric change classification in 
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multi-temporal stacks of large-area datasets. Alternative large-area approaches using scene-
based classifications are limited with respect to the number and complexity of the classes 
of interest (Olthof et al. 2005; Knorn et al. 2009). Scene-based change detection 
approaches that focus on variations of spectral indices and annual time-series trajectory 
approaches generally depend on the availability of cloud-free anniversary acquisitions 
which might not be available for many areas around the globe (Masek et al. 2008; Huang 
et al. 2010b; Kennedy et al. 2010). Compositing of Landsat data therefore is a valuable 
alternative for large-area change detection. 
In this study, we successfully analyzed a series of large-area composites yielding forest 
type maps as well as forest disturbances and recovery dynamics. To our best knowledge, 
this is the first study to utilize a series of six large-area image composites in an integrated 
approach to analyze forest disturbances and recovery in relation to three broad forest types. 
Our results provided valuable insights into spatial and temporal patterns of forest changes 
in the Carpathians and may serve as a framework for similar studies to be conducted 
elsewhere. The resulting maps are foreseen to provide indispensable inputs to ecological, 
social and economic studies of land-change in the Carpathian ecoregion. Increased 
geometric and radiometric standard image quality, improved preprocessing algorithms and 
free-of-cost data has enabled Landsat data analyses to advance considerably in recent 
years. Moreover, this study again highlights the value of the open Landsat archive for 
retrospective land change analysis and the need for data continuity. With the upcoming 
Landsat-8 (Irons et al. 2012) as well as the European Sentinel-2 missions (Drusch et al. 
2012), new opportunities arise for land change monitoring through combined use of both 
data sources featuring enhanced spectral and temporal data characteristics. Compositing 
will be one powerful aspect for monitoring approaches combining these new sensor 
systems and thus greatly enhance capabilities for global mapping and monitoring at 
landscape scales. 
Acknowledgements 
This research was funded by the Belgian Science Policy Research Program for Earth 
Observation STEREO II, contract SR/00/133, as part of the FOMO project (Remote 
sensing of the forest transition and its ecosystem impacts in mountain environments). PH’s 
contribution to this research is part of his activities in the Global Land Project and the 
Landsat Science Team. TK acknowledges support through the Einstein foundation and the 
  Forest dynamics in the Carpathians 
103 
European Union (VOLANTE, FP7-ENV-2010-265104), KO acknowledges support 
through the Fulbright Scholar Program. We would like to thank Oleh Chaskovskyy, Geza 
Kiraly, Mihai Nita and Martin Hais for valuable comments and help with the forest 
inventory data. We also thank the Polish State Forests National Forest Holding for free 
access to the state inventory data used in this study.  
 104 
   
105 
Chapter V: 
Agricultural land change in the Carpathian 
ecoregion after the breakdown of socialism and 
expansion of the European Union 
Environmental Research Letters (in review) 
 
 
Patrick Griffiths, Daniel Mueller,  


































© 2011 IOP Publishing Limited - All rights reserved. 
 




Widespread changes of agricultural land use occurred in Eastern Europe since the collapse 
of socialism and the European Union’s eastward expansion, but the rates and patterns of 
recent land changes remain unclear. Here we assess agricultural land change for the entire 
Carpathian ecoregion in Eastern Europe at 30m spatial resolution with Landsat data and for 
two change periods, between 1985-2000 and 2000-2010. The early period is characterized 
by post-socialist transition processes, the late period by an increasing influence of EU 
politics in the region. For mapping and change detection, we use a machine learning 
approach (random forests) on image composites and variance metrics which were derived 
from the full decadal archive of Landsat imagery. Our results suggest that cropland 
abandonment was the most prevalent change process, but we also detected considerable 
areas of grassland conversion and forest expansion on non-forest land. Cropland 
abandonment was most extensive during the transition period and predominantly occurred 
in marginal areas with low suitability for agriculture. Conversely, we observed substantial 
recultivation of formerly abandoned cropland in high-value agricultural areas since 2000. 
Hence, market forces increasingly adjust socialist legacies of land expansive production 
and agricultural land use clusters in favorable areas while marginal lands revert to forest. 
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1 Introduction 
Humanity derives essential goods and services from land use, but simultaneously land use 
changes have become a primary driver of global environmental change and caused 
significant biodiversity loss as well as the deterioration of ecosystem services (Tilman et 
al. 2002; Foley et al. 2005). Changes in agricultural land use were particularly widespread, 
with ample consequences for humans and nature. One major environmental concern is the 
rapid expansion of croplands and pastures at the expense of tropical and subtropical 
forests, and the various adverse consequences for biodiversity and carbon budgets (Sala et 
al. 2000; van der Werf et al. 2009). But while agricultural land use continues to expand in 
many tropical regions, areas used for agricultural tend to decrease in the temperate zone. A 
large body of research has been devoted to understanding agricultural expansion in tropical 
settings, but the patterns and processes of the decrease of agricultural land are less well 
understood (Kuemmerle et al. 2009c; Ramankutty et al. 2010; Hostert et al. 2011a). This is 
unfortunate, because abandonment of agricultural land has strong implication for 
agricultural production and affects carbon pools (Vuichard et al. 2008), biodiversity 
(MacDonald et al. 2000) and food security (Schierhorn et al. 2012). A better understanding 
of the rates and spatial patterns of agricultural land abandonment is therefore crucial. 
One of the most drastic recent episodes of land change that resulted in massive rates of 
agricultural abandonment occurred after the collapse of socialism in the countries of the 
former Soviet Union and Central and Eastern Europe (CEEC) (Henebry 2009). The 
socialist agricultural system was strongly subsidized in these countries with guaranteed 
output and input prices and high land and labor inputs, often with the aim to increase self-
sufficiency in agricultural production (Csaki 1990; Lerman et al. 2002). State support 
largely disappeared following the collapse of socialism and agricultural production was 
economically no longer viable in many areas due to price liberalizations, dilapidated 
infrastructure and increasing competition with other economic opportunities, leading to 
production decreases and rural emigration (Rozelle and Swinnen 2004; Müller and Munroe 
2008; Mueller et al. 2009). Consequently, vast areas of agricultural land were abandoned. 
Abandoned lands subsequently experienced natural succession and many areas have now 
retrieved back to young forests, contributing to the forest transition in Eastern Europe (Taff 
et al. 2010). However, most evidence regarding the extent of agricultural abandonment to 
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date relies on case studies, while the spatial and temporal patterns for large, contiguous 
areas are not well understood. 
Agricultural abandonment tends to cluster in areas with comparatively low suitability, such 
as mountain areas, while fertile lands often continue to be cultivated (MacDonald et al. 
2000; Ioffe et al. 2012; Prishchepov et al. 2013). However, today’s agricultural production 
in Russia and the CEEC is often below the potential yields under the given environmental 
conditions and therefore these lands represent interesting options for increasing food 
production (Foley et al. 2011; Schierhorn et al. 2012). Given the recent rises in global 
agricultural commodity prices, abandoned agricultural land in post-socialist countries 
today represents an attractive source of income and increasingly becomes a target for 
investors (Deininger 2011; Visser and Spoor 2011). In the face of the recent increase in 
agricultural commodity prices, quantifying recultivation of abandonment lands can shed 
light on the effects of growing profit opportunities in agriculture on agricultural land use.  
The eastward expansion of the European Union may also have contributed to recultivation 
of abandoned lands. New member states in 2004 included, among others, the Czech 
Republic, Hungary, Poland and Slovakia and in 2007 Romania became part of the EU. 
New member states became subject to the influence of the European Union Common 
Agricultural Policy (EU CAP), which grants direct subsidy payments in support of 
agricultural production and rural development. However, little is known about how the EU 
accession has affected agricultural land change in CEEC.  
The focus of this study is to map and analyze agricultural land change across the 
Carpathian ecoregion in Eastern Europe since before the collapse of socialism until 2010 at 
high spatial resolution. The Carpathians are Europe’s largest mountain region and extend 
over seven countries (Austria, Czech Republic, Slovakia, Poland, Hungary, Ukraine and 
Romania). All countries except Austria were under socialist governance between 1945 and 
1991 and all countries except Ukraine are now members of the EU. The Carpathians are a 
highly diverse ecoregion, which historically translated into a large variety of land use 
structures (Turnock 2002) that may have been affected differently by the contrasting post-
socialist reform policies and economic development trajectories. However, no consistent 
and spatially explicit dataset on recent land change exists for the Carpathians as a whole.  
We utilized Landsat satellite imagery to fill this gap. Landsat imagery is a great data source 
for retrospective land change assessments, as it provides a continuous record of synoptic 
observations since decades with relatively high spatial and spectral detail. Recent changes 
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in data policy as well as advancements in data quality, preprocessing and analysis 
algorithms have greatly improved the potential of Landsat data to quantify agricultural land 
change for large areas (Wulder et al. 2012). Taking advantage of these developments, our 
objectives were to (a) quantify the spatial and temporal patterns of agricultural land change 
in the Carpathians between 1985 and 2000 as well as between 2000 and 2010, and to (b) 
assess and compare environmental and agro-ecological characteristics of areas where 
agricultural land change occurred. 
2 Methods 
Our study region is the Carpathian ecoregion (CERI 2001) including intersecting 
administrative units (Nomenclature of Territorial Units for Statistics, Level 3 - NUTS3), 
resulting in an area of approximately 380,000 km² (figure 1). Elevation in the study region 
ranges from 400 m in the plains to 2,500 m in the Southern and Western Carpathians. A 
wide range of agricultural land use types exists, ranging from large scale, intensively 
managed cropland to subsistence agriculture and kitchen gardens.  Cropland in the region 
is predominantly used for cereals (wheat, corn, barley, rye, oat) and legumes (potatoes, 
sugar beets, peas), but also to grow energy crops (e.g., rapeseed). Perennial crops exist in 
form of fruit tree orchards, vineyards or hop fields. Grassland is utilized as pastures or hay 
fields and higher elevated meadows for seasonal sheep grazing. The majority of 
agricultural land in the Carpathian countries was under collective or state farm 
management during socialism, except in the Polish Carpathians where private farms 
persisted (Lerman 1999; Kozak 2010). After 1989, private property was reintroduced and 
collectivized lands were restituted, auctioned or distributed to farmers, historical owners or 
their heirs, which led to considerable structural change in agriculture including the 
emergence of many small fragmented farms alongside large private cooperatives (Sarris et 
al. 1999). The Carpathian ecoregion hence offers a diverse, and from a remote sensing 
point-of-view challenging region to study, due to the prevailing heterogeneous landscapes 
and mountainous terrain. This makes it an ideal test bed for an improved understanding of 
the complex land change trajectories that occurred during the recent turbulent decades of 
change and for elaborating how remote sensing can contribute to disentangling these 




Figure V-1: Overview of the Carpathian study region (yellow), the ecoregion boundaries (black) and country 
borders (white). Additionally, the coverage of Landsat footprints is shown (magenta), which were used to 
produce three seasonal image composites (spring, summer and fall) for three reference years (1985, 2000 and 
2010). 
Multi-temporal Landsat imagery has recently been used to map agricultural abandonment 
in CEEC and it has been shown that including imagery acquired at key stages of crop 
development (i.e. leaf emergence, ploughing) can considerably improve the differentiation 
of cropland, grassland and fallow land (Baumann et al. 2011; Prishchepov et al. 2012b). 
However, the 16-day repeat cycle of Landsat satellites coupled with frequent cloud 
coverage in mountainous regions constrains the availability of such imagery. While such 
sets of multi-temporal imagery might be available for individual footprints, acquiring such 
specific datasets over larger regions is hardly feasible. Consequently, most studies that 
mapped agricultural abandonment only compared two reference periods, and used only one 
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or two observations from different seasons for each considered period. This increases the 
risk of false interpretations, e.g. assessing an area as being abandoned even though it was 
only imaged during a fallow stage within a crop rotation cycle. To circumvent these 
limitations, our approach incorporates all available, useful observations, i.e., thousands of 
images from the Landsat archive and utilizes automated data preprocessing and image 
compositing algorithms. Such an approach enables generating regional, cloud free datasets 
that are radiometrically and seasonally consistent (Griffiths et al. 2013; Griffiths et al. 
accepted).  
For this study, we generated three image composites that approximate specific seasonal 
states (spring, summer and fall) centered around three reference years that capture the 
situation (i) during socialism (centered around 1985), (ii) after 10 years of post-socialist 
transition (centered around 2000), and (iii) after the EU accession (centered around 2010). 
These temporal image composites represent “extended snapshots” that maximize spectral 
and temporal separability of agricultural land use classes and changes. The seasonal 
composites (18 bands for each reference period = 56 spectral bands) were supplemented 
with 27 bands of statistical metrics that capture the spectral-temporal variability of a given 
pixel for each season (e.g., variation and mean of the normalized difference vegetation 
index (NDVI) for spring observations). We further added layers containing specific 
metadata information per pixel, e.g. the image acquisition day-of-year (yielding a total 
number of 100 bands). We focused our analysis on four main land change categories that 
relate directly or indirectly to changes in agricultural land use: abandonment (conversion of 
cropland to other uses), grassland conversion (conversion of grassland to other use), 
recultivation (conversion of abandoned cropland and 1985 grassland to cropland) and 
forest expansion (forests establishing on non-forest lands). We assessed the rates of these 
processes for two change periods: the transition period (1985 to 2000) and the EU 
accession period (2000 to 2010). In order to differentiate forest expansion occurring on 
non-forest land from forest areas that are regrowing after forest disturbance, we overlayed 
our change map with a recent forest disturbance map (Griffiths et al. accepted). We 
included the conversion of grassland to cropland as recultivation because we assume that 
the majority of these areas were once covered by forests but cleared for cropland use and 
later (prior to the 1985) were converted to grassland. Table 1 provides descriptions of 
classes targeted for change detection as well as class summaries that were used to quantify 




Table V-1: Overview of the study design: The top section shows the targeted classes during change detection 
and mapping, which are provided with acronyms that refer to the land use / land cover during the individual 
reference years (top left). Class acronyms: C = Cropland, F = Forest, G = Grassland. Using black squares, 
sections two to four illustrate how the spatial extents of cropland, grassland and forest were derived for the 
three reference years. Definitions of the class constituents are provided on the far right. Finally, sections five 
to eight illustrate (using colored squares) how the targeted land change processes were derived. For example 
“Abandonment 2000” was derived by summing up "C-F-F", "C-G-C", "C-G-F" and "C-G-G". The 
abandonment rate for the socialist period was then derived as the percentage of the total “Cropland 1985” 
against “Abandonment 2000” (accordingly, “Grassland conversion 2000” and “Recultivation 2000” rates 
were derived relative to the “Grassland 1985”, while the “Recultivation 2010” rate was calculated relative to 
“Abandonment 2000”). 
 
1Mapped classes Definitions 
Socialism C C C C C C C G G G G G F 
  
Transition C C C F G G G G C F G G F 
 
EU accession C F G F C F G G C F C F F     
Cropland 1985                           All farmed agricultural and 
cropland for cereals, root and 
energy crops, vegetables and others 
Cropland 2000                           
Cropland 2010                           
2Grassland 1985                           Pastures, hayfields, meadows, 
natural grasslands, small scale 
subsistence agriculture, permanent 
fallow land, shrub land, orchards 
Grassland 2000                           
Grassland 2010                           
Forest 1985                           
All deciduous, mixed and 
coniferous forests Forest 2000                           
Forest 2010                           
Abandonment 2000                           All 1985/2000 cropland areas that were converted to  other uses in 
2000/2010 Abandonment 2010                           
3Grassland conversion 2000                           All 1985/2000 grassland areas that were converted to other uses in 
2000/2010 Grassland conversion 2010                           
4Recultivation 2000                           Grassland-cropland conversions and recultivation of formerly 
abandoned cropland Recultivation 2010                           
5Forest expansion 2000                           Forest expansion on non-forest 
lands 
Forest expansion 2010                           
 
1We additionally mapped a permanent built-up (B-B-B) and water class (W-W-W) but as these were not within the focus of the change 
analysis we did not include them in this summary table 
2As the separation of different grass-dominated land-use classes such as hayfields, pastures or natural grasslands is challenging with Landsat 
data, we focus on one broad grassland class. Depending on the level of management, perennial crops (vineyards, orchards, etc.) are 
regarded as belonging to the grassland class under low management conditions, and belonging to the cropland class under more intense 
management. This class also includes grass-dominated wetland areas. 
3To prevent an overestimation of grassland conversions through inclusion of logged or harvested forest areas that are regrowing, we used a 
disturbance map from an earlier study to extract only those grassland conversions that are not related to regrowing forests. However, this 
might include forest areas recovering from logging/disturbances that occured prior to 1985. 
4The assessment of recultivation for the transition period mostly comprises grassland to cropland conversions. Here we assume that all 
grassland areas were historically forest areas that were converted to cropland converted to grassland. 
5We used results from an earlier study to extract only those forest expansion areas that were not related to logging or other forest 
disturbances. However, this forest expansion also entails areas that were logged prior to the mid-1980s. 
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For mapping and change detection, the 100 features were combined into one stacked 
dataset and a Random Forests (RF) classifier was parameterized to map the 15 classes of 
interest (Waske et al. 2012; Griffiths et al. accepted). Training areas were digitized on-
screen on the original Landsat imagery using the following reference data sources to aid 
interpretation: high resolution imagery available in GoogleEarth, high temporal frequency 
satellite time series, Street View data (Google 2013) and the full temporal record of the 
original Landsat imagery. One global RF model was trained for the analysis. Due to 
imbalanced training data sizes, we sampled the same number of pixels from all classes 
(~1,300 each). We then parameterized a RF model consisting of 2,000 trees which 
considered 15 features at each tree split. For validation of the resulting change map we 
generated a stratified random sample of 50 points per class. Samples were carefully 
interpreted using all above mentioned reference data. Key feature for identifying croplands 
was the presence or absence of ploughed signals interchanging with vegetation in the 
Landsat imagery. Validation results were finally adjusted for potential sampling bias and 
then used to derive error adjusted area estimates and the 95% confidence intervals around 
these estimates (Card 1982; Olofsson et al. 2013). After applying a minimum mapping unit 
of five pixels (4,500 m²), we aggregated the final change map to relevant process 
categories (table 1) and summarized change classes per country and time period. 
In order to better understand the environmental characteristics of areas where agricultural 
land change occurred, we acquired data from the Global Agro-Ecological Zones database 
(IIASA and FAO 2012). Specifically, we used the crop suitability index (CSI) for rain-fed 
wheat production at intermediate fertilizer input levels available at one arc second spatial 
resolution. The CSI combines information on climate, soils and topography into a single 
proxy of overall agro-ecological condition. We then aggregated the CSI data and change 
maps to the level of administrative units and produced maps showing change rates at 
district/county level as well as scatter plots comparing the CSI with change rates for the 
1985-2000 and 2000-2010 periods. 
3 Results 
Our results showed that extensive land changes occurred in the Carpathians since the mid-
1980s. Compared to 1985, cropland had decreased by approximately 9% in 2010 (then 
accounting for 88,000 km², equivalent to 23% of the study region). Forests covered 40% of 
the study region in 1985 and increased by 3% until 2010. The share of grassland increased 
Chapter V 
114 
from 26% in the mid-1980s to roughly 31% in 2010. Agricultural abandonment was the 
most prevalent change process (figure 2). According to our error adjusted area estimates, 
24% (30,000 km²) of the 1985 cropland was abandoned until 2000 and 11% (14,000 km²) 
until 2010. Cropland-grassland conversions contributed most to abandonment, affecting 
approximately 24% of the total 1985 cropland until 2000 and another 9% until 2010. 
Recultivation was not widespread until 2000 (4% of the 1985 grassland area) but between 
2000 and 2010 about 18% of the cropland that was abandoned until 2000 was brought back 
into production. The total forest expansion on non-forest land summed up to 3.4% during 
the transition period and 2.3% during the EU accession period.  
 
Figure V-2: (Top) Error adjusted area estimates of change processes (compare table 1) for 2000 and 2010: 
ABD = cropland abandonment; GC = grassland conversion; RC = recultivation; FX = forest expansion on 
non-forest land. (Bottom) Error adjusted area estimates of change map results. Error bars indicate the 95% 
confidence interval around these estimates. 
Land changes showed strong regional differences. Overall, comparatively low rates of 
change occurred in the Austrian part of the study region while the most extensive changes 
were detected in the Ukrainian Carpathians (up to 25% of the included country area). Some 
change processes were almost entirely limited to certain countries. For example, more than 
67% of all cropland-grassland-cropland conversion was mapped in Romania, almost 95% 
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of cropland-forest conversions between 2000 and 2010 occurred in Hungary, and cropland-
grassland-forest conversions were most common in Poland (figure 3). 
 
Figure V-3: (Center) Change map derived from image composites and variance metrics. Classes relate to the 
land use / land cover during the respective reference year. Class acronyms: C = cropland, B = built up, F = 
forest, G = grassland, W = water. Six representative close-up frames are provided for relevant process 
regimes (top and bottom): (1) cropland-grassland conversion in the Czech Republic; (2) contrasting land 
change on the Polish-Ukrainian border; (3) cropland changes in Ukraine; (4) change dynamics in the 
Ukrainian-Hungarian border region; (5) widespread forest expansion in Eastern Hungary; (6) cropland-




During the transition period, rates of cropland abandonment were highest in the Ukrainian 
Carpathians with 59%, followed by the Romanian (46%) and Polish Carpathians (27%). In 
the Czech, Hungarian and Slovakian parts of the study region we found abandonment rates 
between 20% and 30% (table 2). Abandonment rates for the EU accession period dropped 
drastically in all countries but were still highest in Ukraine (12%), followed by the 
Hungarian and Polish Carpathians (between 6 and 7%). The highest rates of grassland 
conversion occurred in the Ukrainian and Romanian parts of the study region and were 
considerably larger than during the transition period from socialist to post-socialist 
regimes. High grassland conversion rates were also found in the Hungarian Carpathians 
during the transition and EU accession periods (>13%). In the Czech part of the study 
region grassland conversion dropped considerably during the EU accession period 
compared to the transition period. The extent of areas undergoing recultivation during the 
EU accession period was substantially higher than during the transition period in most 
countries apart from Hungary (690 km² vs. 980 km², respectively). The most extensive 
recultivation during the EU accession period occurred in Romania and Ukraine with 28% 
and 19% of formerly abandoned cropland, respectively (table 2). The overall highest forest 
expansion rates occurred in the Hungarian Carpathians. During the transition period, forest 
expansion on non-forest land was most extensive Hungary and Romania and also abundant 
in the Czech, Polish and Ukrainian Carpathians. During the EU accession period, most 
countries (except Hungary and Poland) had considerably lower forest expansion rates, 
especially in Romania and the Czech Republic. 
Table V-2: Change processes summarized for the countries in the Carpathian study region as total area [km²] 
and as percentage. Country acronyms are: AU = Austria, CZ = Czech Republic, HU = Hungary, PL = Poland, 
RO = Romania, SK = Slovakia, UA = Ukraine. Percentages relate to the total country cropland area in 1985 
for the abandonment rates and to the 1985 grassland area for the grassland conversion rates. Note that the rate 
for “Recultivation 2010” is relative to the “Abandonment 2000” areas, while the rate for “Recultivation 
2000” is calculated relative to the 1985 grassland areas. Forest expansion rates are calculated relative to the 
1985 forest area in a given country. We used results from a Landsat based forest disturbance mapping to 
make sure that forest expansion does not include forest areas that are regenerating after disturbances 
(similarly grassland conversions exclude regenerating forest disturbances). 
  AU CZ HU PL RO SK UA 
 
km² % km² % km² % km² % km² % km² % km² % 
Abandonment 2000 243 5.7 1606 13.7 2170 13.3 3044 27.3 22605 45.8 2132 13.1 10599 58.9 
Abandonment 2010 60 1.4 662 5.6 1104 6.8 727 6.5 1603 3.2 894 5.5 2089 11.6 
Grassland conversion 2000 26 3.9 393 10.5 1365 13.8 845 6.1 4460 9.4 895 10.8 1256 9.7 
Grassland conversion 2010 49 7.3 158 4.2 1334 13.5 1375 9.9 6984 14.7 804 9.7 2433 18.8 
Recultivation 2000 2 0.3 87 2.3 977 9.9 475 3.4 2169 4.6 407 4.9 571 4.4 
Recultivation 2010 37 15.0 92 5.7 692 31.9 607 19.9 6209 27.5 412 19.3 1984 18.7 
Forest expansion 2000 29 1.6 318 3.3 804 11.5 461 2.5 2369 3.4 508 2.2 767 3.1 
Forest expansion 2010 13 0.7 71 0.7 1014 14.5 774 4.1 784 1.1 393 1.7 452 1.8 
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Aggregating land change for administrative units revealed distinct spatial 
patterns (figure 4). The highest rates of abandonment (~90%) were found in the mountain 
areas in Ukraine during the transition period. Comparably high abandonment rates were 
only found in parts of the Polish Carpathians. In Romania, abandonment rates between 
70% and 80% occurred in several counties during the transition period. During the EU 
accession period the highest abandonment rates clustered in the border region between 
Ukraine and Hungary as well as in northernmost part of the Ukrainian Carpathian foreland, 
but rates were drastically lower than during the transition period. The highest grassland 
conversion rates occurred during the transition period, but grassland conversion increased 
during the EU accession period in several areas, especially in Western Ukraine and 
Western Romania. High recultivation rates during the EU accession period concentrated on 
the Romanian Carpathian forelands, Western Hungary and in the North of the Polish and 
Ukrainian parts of the study region. Finally, areas where forests expanded on non-forest 
land were abundant throughout the study region during the transition period and the 
highest rates were found in North Eastern Hungary during the EU accession period (62% 
of the 1985 forest area). 
 
Figure V-4: Process maps showing rates of cropland abandonment, grassland conversion, recultivation and 
forest expansion summarized to the level of administrative units (NUTS3 for Romania, Hungary and Austria; 
district level for Poland, Ukraine, Slovakia and the Czech Republic). The top row shows the rates for the 
transition period (1985 - 2000) the bottom row provides rates for the EU accession period (2000 – 2010). 
Note: different color table scaling for the two periods of cropland abandonment rates. 
The comparison of abandonment rates at administrative levels with agro-environmental 
suitability revealed predominantly negative correlations, i.e., higher suitability is 
associated with lower abandonment rates (figure 5). This was most pronounced during the 
transition period, for example, in the Czech part of the study region (R² of -0.68 in 2010) 
but still substantial in Austria, Romania, Slovakia and Ukraine (each around -0.53). 
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Abandonment rates during the EU accession period were considerably lower than during 
the earlier period and the correlations were consistently smaller. In Ukraine, abandonment 
rates tended to be higher in areas with greater crop suitability. As expected, recultivation 
predominantly occurred in more suitable areas in all countries and both periods (except in 
Ukraine with R2=0 in the transition period), and this association was considerably stronger 
in most countries in the EU accession period (figure 6). 
 
Figure V-5: Comparison of the average crop suitability index (Y axis) and cropland abandonment rates 
(X axis) aggregated to administrative units. Results are provided for the transition period (top) and the EU 
accession period (bottom). 
 
Figure V-6: Comparison of the average crop suitability index (Y axis) and recultivation rates (X axis) 
aggregated to administrative units. Results are provided for the transition period (top) and the EU accession 
period (bottom). 
After adjusting our error estimates for class proportions, the validation suggested an 
overall high reliability with 90% overall accuracy despite the challenging class catalogue 
(table 3). Most stable classes were mapped with user’s and producer’s accuracies of >80%. 
The best performing change class was grassland-forest conversions (G-F-F). Cropland-
grassland conversion classes achieved high accuracies and conversion detected during the 
transition period achieved 86% producer’s accuracy but a lower user’s accuracy (65%). 
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Table V-3: Validation results providing the confusion matrix as well as overall, user’s and producer’s 
accuracy for the change map derived from the analysis of the 9 seasonal composites and spectral variance 
metrics (Note: the producer’s accuracy was obtained from the area adjusted error assessment). 
  
Overall 
accuracy: Reference     










CCC 39 1 2 - - - - 1 - 1 - - - - - 88.6% 
CCF 3 20 - 4 - 4 2 - - - 1 - 3 - - 54.1% 
CCG 7 - 26 - - - 5 - 3 1 - - - - - 61.9% 
CFF - - - 23 - 2 2 - 3 - 12 - 3 1 - 50.0% 
CGC 19 - - - 13 - 1 - 3 - - 1 - 1 - 34.2% 
CGF - 2 - 2 - 16 2 - 4 - 3 - 7 - - 44.4% 
CGG 5 - 5 - 2 - 30 - 4 - - - - - - 65.2% 
BBB - - - - - - 1 41 3 - - - - 2 - 87.2% 
GGG - - - - - - 1 - 43 - - - 1 - - 95.6% 
GCC 11 - 2 - - - 2 1 3 20 - 1 - - - 50.0% 
GFF - - - - - - - - - - 48 - 1 - 1 96.0% 
GGC 3 - - - - - - - 14 2 - 20 - - - 51.3% 
GGF - - 1 - - - 1 - 2 - 8 - 32 - - 72.7% 
WWW - - - - - - - - - - - - - 46 - 100.0% 
FFF - - - - - - - - - - - - - - 49 100.0% 
 
Sum 87 23 36 29 15 22 47 43 82 24 72 22 47 50 50  
  
Producer's 
accuracy: 86.8% 10.5% 36.6% 78.0% 69.6% 86.2% 85.6% 77.9% 93.8% 54.3% 87.5% 55.7% 41.3% 82.6% 99.9%   
                  
4 Discussion 
We provide the first assessment of recent agricultural land change over the entire 
Carpathians at 30m spatial detail. Our rates compare well to previous case studies in the 
region. For example, Kuemmerle et al. (2009c) detected 21% of abandoned cropland 
between 1990 and 2000. Our results suggest somewhat a higher abandonment rate of 24%. 
Likely reasons explaining these moderate differences are discrepancies in the abandonment 
definitions (the former study focused on cropland-grassland conversions while our study 
also considers cropland-forest conversions). Baumann et al. (2011) assessed 46% of post-
socialist farmland abandonment in the Ukrainian Carpathians (but for a smaller area) 
between 1986 and 2008, which is about 12% below our estimate. Moreover, our 
abandonment rates are highest in the mountainous districts, while Baumann et al. (2011) 
found the highest rates to occur in the plains. The differences in spatial patterns likely 
result from different methodological approaches for change detection. Moreover, we used 
three observations per time step and therefore are more likely to capture land management 
(e.g. ploughing, harvesting) compared to Baumann et al. (2011) who used two images to 
characterize the 1980s. Regarding grassland conversion, a case study conducted in the 
Carpathians forelands in Hungary (Biró et al. 2013) based on military survey maps 
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assessed an annual conversion rate of 1.3% between 1988 and 1999 and a lower rate 
(0.35%) for the period from 1999 to 2010. While the first rate agrees very well with our 
current assessment of grassland conversion rates in the Hungarian part of the study region, 
our results suggest a similar conversion rate for recent years (table 3). 
Our change map had a relatively high accuracy despite complex change classes. This 
underlines the value of the Landsat archive and of the compositing approach, which allow 
assessing unprecedented detail of change patterns with satellite data at regional scales. 
However, a few sources of uncertainty remain. Generally, our approach works very well as 
long as the landscape elements (e.g. agricultural fields) provide sufficient spectral contrast 
in the different seasonal composites. But many agricultural areas underwent substantial 
structural changes that led to the fragmentation of large collectively managed cropland 
plots, accompanied by a diversification of ownership and crop types within small areas. If 
a large cropland plot in 1985 experienced such fragmentation, the reflectance signal 
subsequently becomes a mixture of different components (e.g. soil, grass, crop), which 
compromises accurate detection (Ozdogan and Woodcock 2006). In these cases, our 
approach may have detected some of the decrease in spectral contrast as, for example, a 
change from cropland to grassland.  
Overall though, our results corroborate the extensive land changes that occurred 
throughout the Carpathians between 1985 and 2010. Cropland abandonment was most 
widespread and 24% of the 1985 cropland and a further 11% of the 2000 cropland were no 
longer cultivated in 2000 and 2010, respectively. Interestingly, agro-ecological suitability 
showed strong linkages with agricultural abandonment and recultivation. The highest 
abandonment rates generally occurred on lands that are marginally suited for farming and 
in the years immediately following the collapse of socialism, as observed elsewhere in 
Eastern Europe (Müller and Munroe 2008; Mueller et al. 2009; Prishchepov et al. 2013). 
This suggests that post-socialist cropland abandonment in the Carpathians was strongly 
contingent on socialist farming strategies that subsidized substantial expansion of 
agricultural land use in order to increase outputs. As a result, most cultivable land was used 
for farming, including marginal areas. The collapse of socialism led to a massive drop in 
state support for agriculture as well as adjustments in input and output prices (Rozelle and 
Swinnen 2004). Moreover, land reforms led to the privatization and restitution of 
agricultural land resulting in a large number of small fragmented farms particularly in 
mountainous regions (Lerman et al. 2004). Combined, these changes grossly affected 
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agricultural production and caused significant amounts of cropland abandonment 
throughout the Carpathians.  
Interestingly, the rates of cropland abandonment tend to be higher in countries of the 
former Soviet Union than in Eastern Europe, similar to results from other studies. For 
example, cropland abandonment rates of up to 50% were found in the Baltics and in the 
Russian enclave of Kaliningrad (Nikodemus et al. 2005), but abandonment was much 
lower in neighboring Poland (Prishchepov et al. 2012a) and in the non-Soviet countries in 
our study region (all except Ukraine). Arguably, more determined support for agriculture 
during socialism in the former Soviet Union, including the nationalization of land, 
contributed to the higher adaptation of land use after the collapse of socialism.  
Recultivation rates were modest during the early phases of the post-socialist transition 
(totaling 4% of the 1985 grassland area). Compared to the extent of cropland that was 
abandoned during the transition period, about 18% were brought back into production 
during the EU accession period. Recultivation was pronounced since 2000 in all countries, 
and highest in Romania. It concentrated in areas favorable for farming (as forecasted by 
Lakes et al. (2009) for Southern Romania). Increasing profit opportunities in agriculture 
due to rising commodity prices since 2007 are likely the key underlying driver for the 
recultivation of cropland. Possibly, support through EU CAP contributed additional 
incentives for recent recultivation. In the coming years, expected further increases in 
agricultural commodity prices will likely provide additional incentives for recultivation of 
areas suitable for agricultural production. Furthermore, future biofuel production and the 
increasing demand for food, feed and fiber will compete with the requirement for nature 
protection in pristine landscapes like many parts of the Carpathian ecoregion. However, 
most future changes in land systems may not manifest in categorical changes of land use, 
as we have assessed, but in land use modifications (e.g. growing capital inputs in 
agriculture (Kuemmerle et al. accepted)), which still pose considerable challenges for 
remote sensing based monitoring approaches (Lambin and Linderman 2006). Because crop 
yields are still modest in many areas of the Carpathian ecoregion, increasing land use 
intensity may translate into considerable production gains on currently used lands 
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Land use is central to human livelihoods but global land change and the conversion of 
natural ecosystems has a reached a critical degree and is threatening to undermine Earth’s 
self-regulating abilities and thus human wellbeing (MEA 2005; Lenton et al. 2008). With a 
projected world population of 9 billion people during the 21st century, increasing affluent 
lifestyles, and ever growing resource consumption, accompanied by an increasing scarcity 
of arable land, it is a grand challenge for humanity to transition global land use towards 
sustainability (Lambin and Meyfroidt 2011; Tilman et al. 2011; Weinzettel et al. 2013). In 
order to mitigate the negative consequences of global land change on the environment, a 
better understanding of where and when land change occurs is required. Based on the 
patterns of change, a better understanding of the causal mechanisms that drive land change 
can be derived, especially regarding underlying drivers. This is important because 
increasing globalization, numerous competing interests for scarce land resources, and 
increasing influences of distant markets require a better understanding of what drives land 
change decisions. In this context, remote sensing is the most important tool to monitor land 
change in different geographical settings and the opening of the Landsat archive offers 
promising new opportunities, but also poses new challenges for remote sensing analyses. 
This dissertation improves land change monitoring capabilities and investigates land 
change in the Carpathian ecoregion since the mid-1980s. The Carpathians are a unique 
study region for several reasons and during the last three decades, two drastic socio-
economic transformations affected the regional land systems, but how these processes 
affected land use is not clear and the spatial patterns and temporal rates of recent land 
change remains largely unknown. A prerequisite to assess recent land changes in the 
Carpathians is to improve remote sensing analysis methodologies, especially regarding the 
sensitivity to non-linear and abrupt changes, as well expanding change mapping 
capabilities onto regional scales with appropriate spatial detail. The Landsat archive 
provides us with unique opportunities to do this.  
My dissertation consisted of four core chapter, each mainly addressing one research 
question. In the following, each research questions is addressed and answered before the 
main conclusions are presented and future research requirements are discussed. 
Research Question I (Dissertation chapter II): How can refined image analysis approaches 
better utilize the temporal depth of the Landsat archive in order to improve our 
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understanding of how rates and patterns of forest disturbance changed during massive 
ownership changes? 
In Chapter II, a trajectory-based change detection approach was employed to derive annual 
forest disturbances along with forest growth and recovery dynamics in order to better 
understand how massive forest ownership changes in the Romanian Carpathians affected 
local harvesting patterns. Results showed that overall, each restitution phase was followed 
by increasing disturbance levels and that these levels continuously increased from the first 
to the third restitution phase. When the disturbance levels were considered on an annual 
interval, distinct temporal patterns were revealed: comparatively low disturbance levels 
during the late socialist years, followed by a drastic drop during the early transition period 
and then sharply increasing again following the first and second restitution phase, whereas 
disturbance levels exhibited a slightly decreasing tendency following the 2005 restitution 
law. Correspondingly, annual results also illustrated elevated disturbance levels in 
restituted forests (i.e. private forest districts) following the ownership transfer, and 
moreover that in some cases disturbance rates sharply increased right after forest 
management was taken over by non-state forest owners associations. My results 
additionally showed that peak disturbance levels following the restitution laws only 
occurred with considerable delay, especially following the first restitution phase. Such 
detailed, non-linear temporal dynamics would not have been understood using a temporal 
resolution of five or 10 years. Therefore, this study clearly exemplified the value of 
working with an increased temporal observation interval, and specifically working at an 
annual temporal resolution in the face of rapid socio-economic changes.  
Research Question II (Dissertation chapter III): How can image datasets of regional extent 
be derived from the Landsat archive and how can these datasets be used for broad-scale 
land cover mapping and change detection? 
In Chapter III, I described the development of a compositing algorithm for Landsat data. 
The algorithm produced cloud free image composites from data available from over 40 
Landsat footprints and the achieved spatial extent was close to the coverage of a MODIS 
tile. Methodologically such an approach has become more practicable recently due to data 
with unprecedented geometric accuracy, automated atmospheric correction and 
cloud/shadow masking approaches, of which my algorithm takes full advantage of. Thus, 




My composting algorithm achieved considerable annual, seasonal and radiometric 
consistency in the output image datasets. The results clearly showed that, the assumption of 
seasonal suitability trumping annual suitability is generally valid for many applications, 
and that this generally aids to the overall consistency and applicability of the resulting 
image composites. Incorporation of multi-year observations into composited datasets 
however is needed, especially in a mountainous environment with reduced image 
availability. Larger deviations from seasonal or annual targets were largely restricted to the 
composite boundaries or to areas with topographically caused quasi-permanent cloud 
cover. Results additionally showed that spectral correspondence to MODIS reflectance 
products was substantial and prevailed throughout the regional coverage but was highest 
when more spectrally stable land cover types such as forests were compared. 
The overall consistency of the results was further underlined through land cover 
classifications, for which "global" models were trained using an interpreted random point 
sample for training, and classes were delineated successfully across the entire composited 
datasets. Additionally, these results demonstrated the usefulness of spectral-temporal 
variability metrics, which when included improved class delineations and prevented 
compositing artifacts to translate into classification results. However, certain land cover 
classes (e.g. grassland) were less well delineated and therefore require specific efforts 
regarding features and training data (for example, as those used in Chapter V). 
The central feature of my compositing algorithm is the parametric evaluation and scoring 
of image and metadata characteristics for each available pixel observation. The presented 
approach can be easily extended to include additional parameters whereas established 
compositing approaches commonly relied on a single and often spectral criterion for 
compositing. My algorithm allows creating application-specific image datasets that are 
well suited for regional change analyses. For example, within Chapter IV, I created a series 
of mid-summer leaf-on image datasets that are allow capturing forest cover changes over 
time and over large regions. In Chapter V the algorithm was parameterized to approximate 
specific seasonal states (i.e. spring, summer, and fall) in the output composites, which 
capture the most crucial phenological characteristics of agricultural land use and changes 
therein. 
Overall, the results presented in this study clearly demonstrate that automated algorithms 
can be designed to mine the Landsat archive for available cloud free pixel observations and 
to generate new regional image datasets. For this study the Landsat archive contained 
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several thousand scenes, but these featured considerably high levels of cloud cover. Simple 
land cover mapping with Landsat data as performed in Chapter III would have been very 
costly a few years or a decade ago, in terms of manual processing efforts, data costs and 
likely post-processing requirements in order to achieve consistency of results.  
These results denote a paradigm shift in Landsat processing with the basic unit of operation 
becoming the individual pixel and no longer being the individual scene. This has several 
important methodological implications, as for example individual pixel observations can 
now be extracted from largely cloud obscured or erroneous imagery (e.g. SLC-off data) 
and the utilization of across-track overlaps between footprints potentially reduces the 
effective revisit times to 8 days (this does however not apply to equatorial latitudes).  
Research Question III (Dissertation chapter IV): What were the rates and spatial patterns 
of forest cover changes in the Carpathians since 1985?  
Chapter IV utilized a series of ecoregion wide, leaf-on image composites to map the 
distribution of broad forest types, as well as rates and patterns of forest disturbances and 
recovery from disturbance since 1985. Results indicated considerable differences regarding 
the forest composition in the individual countries, with some countries being dominated by 
deciduous forests (e.g. Hungary with roughly 80%), while coniferous forests accounted for 
a much greater share of the Carpathian forests in other countries (e.g. Poland, Czech 
Republic with more than 40%).  
The results clearly showed that forest cover in the Carpathians changed substantially over 
the past 25 years. While Chapters IV and V both indicate that overall forest cover seems to 
have increased slightly, considerable changes in the composition of the forests in the 
Carpathians occurred. Overall, coniferous forests (and to a lesser degree mixed forests) 
decreased in favor of increasing deciduous forests and the strongest decrease in coniferous 
forests occurred in Romania and Ukraine, but was still substantial in other countries 
(compare Figure IV-3). Roughly a fifth of the forests in the Carpathians experienced stand 
replacing disturbances since 1985, but disturbance trends differed among and within 
countries. Overall, highest disturbance levels occurred between 1985/1990 and then 
dropped considerably during the early and especially later transition years. 
The spatial-temporal disturbance patterns became very clear when disturbances were 
aggregated to administrative units (Figure IV-6). For example, the Czech, western Polish 
and Ukrainian Carpathians were major disturbance hotspots until 1995, but disturbance 
levels in these areas dropped drastically starting in 2000. The overall trend of highest 
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disturbance levels occurring during the late socialist years did not apply uniformly 
(Figure IV-5). In the Romanian Carpathians disturbance levels were comparably low 
during the late socialist years, then increased until 1995/2000 but decreased thereafter. In 
Ukraine, disturbance levels were already high for 1985/1990 and then increased markedly 
for 1990/1995, but decreased continuously afterwards. Within country differences were 
pronounced in the Polish Carpathians, where forest disturbances were widespread in the 
west but almost absent in the east (compare Figure IV-6). 
Results moreover clearly showed that over time disturbances increasingly occurred in 
coniferous forests, and especially so in the Czech, Polish and Slovakian Carpathians. Post 
disturbance recovery was strong in Hungary, Romania and Ukraine but much less 
pronounced in other countries. Balancing forest increases, recovery and disturbances from 
the results of Chapter IV, net forest change showed unmistakably negative tendencies in 
the border region of Poland, Slovakia and the Czech Republic, while the northern parts of 
the Polish and Ukrainian Carpathians, north eastern Hungary and western central Romania 
clearly exhibited positive tendencies indicating forest cover increases (compare Figure IV-
6C). 
In Chapter V, I assessed the rates and spatial patterns of forests expanding on non-forest 
land, and the trends described above were largely reflected for the northern Polish and 
Ukrainian Carpathian forelands, suggesting that much of the forest cover increase in these 
areas rated to successional forest growth on abandoned agricultural land. On the other 
hand, positive net changes in forest cover assessed in Chapter IV for the western Romanian 
Carpathians seem to be rather related to forests recovering from disturbances that occurred 
prior to 1985.  
Research Question IV (Dissertation chapter V): What were the rates and spatial patterns of 
agricultural land change in the Carpathians since 1985? 
In Chapter V, I quantified agricultural land change processes in the Carpathians. Very 
different land change trajectories were relevant for specific areas while being virtually 
absent in other areas. Individual land change trajectories were then aggregated to broader 
agricultural land change processes, namely cropland abandonment, grassland conversion, 
recultivation and forest expansion on non-forest land (compare Table V-1). 
Results showed that agricultural land change was overall widespread in the Carpathians. 
Cropland abandonment was the most abundant change process, and in 2000 about 24% of 
the 1985 cropland area was either no longer used or converted to other uses (e.g. grassland, 
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forest plantations). Between 2000 and 2010 cropland abandonment was less prevalent and 
only accounted for 9% of the 1985 cropland area. Results further suggested that socialist 
cropland in remote, marginal mountain areas was completely abandoned following the 
collapse of socialism. My results moreover clearly demonstrated that cropland 
abandonment predominantly occurred within areas that are less favorable for crop 
cultivation.  
On the national level, Romania and Ukraine had the highest abandonment rates in the 
Carpathians. Grasslands were also frequently converted to other uses, accounting for 10% 
of the 1985 grassland area on the pan-Carpathian level. Most countries experienced more 
conversion of grasslands between 2000 and 2010, while in the Czech Republic conversions 
between 1985 and 2000 were twice as extensive as during the later period and occurred 
spatially highly clustered (compare frame 1 in Figure V-3). Recultivation became very 
prevalent throughout the 2000/2010 period accounting for 18% of the cropland that was 
abandoned after 1985. On the national level, the most extensive recultivation occurred in 
Romania and Ukraine, but recultivation rates were also high in the Hungarian part of the 
study region. Recultivation patterns within Romania indicated that while cropland 
abandonment was widespread in the Transylvanian Basin, recultivation was less prevalent 
in those areas and much stronger in the Carpathian forelands. A distinct hotspot of 
agricultural land change was north eastern Hungary where abundant grassland conversion, 
afforestation and recultivation processes occurred (compare Figures V-3 and V-4). 
2 Main conclusions 
Remote sensing offers unique capabilities to monitor land change and the Landsat archive 
now allows advancing analytical approaches in order to overcome commonly encountered 
limitations of existing methods. Assessing when and where land change occurred is a first 
step to better understand the causal mechanisms behind those changes. The overarching 
goal of this dissertation is to develop an appropriate toolset that allows to map and analyze 
rates and patterns of land change in the Carpathians since the mid-1980s and to discuss and 
interpret these changes in the context of recent socio-economic transformations. 
How did the two grand socio-economic transformations of the last quarter century, i.e., the 
collapse of socialism and the accession to the EU affect land change in the Carpathians? 
The results presented in Chapters IV and V clearly showed that the most drastic and 
widespread land changes occurred during the main transition period following the collapse 
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of socialism. The level of forestry activities was strongly impacted, and overall disturbance 
levels decreased considerably after 1990 while certain areas continued to experience high 
disturbance levels during the early transition years. Spatial patterns of forest disturbances 
changed drastically between 1995/2000 which was also reflected in most country-wise 
disturbance rates. Likely causes for the overall decline in disturbance levels were the 
profound restructuring and reformation of the forest management and timber processing 
industries (Csóka 2005). Moreover, high disturbance levels in some regions during the 
earlier transition years (compare Figures IV-5 & 6) were likely affected by unauthorized 
and in some cases presumably illegal timber cutting activities that have been reported for 
several areas (Brandlmaier and Hirschberger 2005; Kuemmerle et al. 2009a). The 
substantial forest ownership changes that occurred in many parts of the Carpathians during 
the transition period likely affected the increased logging activities locally as was clearly 
demonstrated for the central Romanian Carpathians in Chapter II. Uncertainties regarding 
the persistency of tenure rights and other problems connected to the restitution process 
presumably led new owners to favor immediate economic returns over long term forest 
management. 
The results of Chapter IV and also Chapter II clearly showed that coniferous forests 
generally experienced higher disturbance levels. One the one hand this may be due to the 
fact that coniferous forest and especially the spruce monoculture plantations are very 
susceptible to wind throw damages, insect infestations or pest outbreaks. The 
differentiation of logging and natural disturbance causes in remote sensing data requires 
specific analytical approaches and is not easily feasible. However, this also raised the 
question of how “natural” such disturbances are, if they occurred in highly vulnerable 
monocultures (often of foreign genetic origin) and were commonly followed by salvage 
logging. Thus, legacies of past land systems shape today’s disturbance regimes to a certain 
extent, as large scale spruce establishment was initiated under Austro-Hungarian rule 
(Turnock 2002). Similarly, legacies of the Soviet system affect disturbance levels today. 
This is exemplified through the disturbance hotspot in the Polish, Slovakian and Czech 
border region identified in Chapter IV (compare Figure IV-9(B)), where pollution legacies 
of the socialist heavy industries additionally decreased forests’ resilience (Main-Knorn et 
al. 2009). 
The effect of the collapse on the agricultural system in the Carpathians became clear 
through results presented in Chapter V. On the pan Carpathian level, cropland 
abandonment was widespread (24% of former socialist cropland), but most abandonment 
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occurred in Ukraine and Poland, while it was rather limited to isolated localities in other 
parts of the Carpathians. Overall, abandonment occurred as the socialist approach to 
agricultural production was no longer profitable, but also because rural outmigration  
changed age structures of rural areas and thus the employment potential in agriculture. 
However, strong differences, as those between the Ukrainian and Romanian Carpathians 
compared to the other countries, are likely related to differences in land ownership and 
property reforms as well as population distributions (Kuemmerle et al. 2008). Moreover, 
my results strongly support the general assumption that abandonment predominantly 
occurs on marginal land. While most abandonment occurred through cropland-grassland 
conversions, cropland was also converted to forests, both actively (through afforestation) 
and passively (through natural succession). The formers process relates to the fact that in 
several Carpathian countries government incentives existed to afforest (degraded) 
agricultural lands and land managers were encouraged to activated convert cropland to 
forests (World Bank 2007; Biró et al. 2013). 
The effects of the EU accession on land changes in the Carpathians are generally more 
difficult to discern than those of the collapse of socialism, because countries became EU 
members in different years and the accession involved policy reforms that were initiated 
several years before. Land change patterns were of a different direction and magnitude 
than those following the collapse of socialism. The decreasing levels of forest disturbances 
continued on the pan Carpathian level after 2000. On the individual country level, 
disturbance levels in Ukraine continued to decrease, while most countries showed 
increased levels compared to the early transition years, but far below those levels observed 
during the last years of socialism (compare Figure IV-5). Most Carpathian countries had by 
now restructured their forest management and timber processing industries which 
increased the level of their activities and they were now able to sell products within the 
integrated EU timber market. Ukraine is the only country of those considered that does not 
have such direct access to the European market which likely affected the observed trends. 
The fact that disturbance levels were overall considerably lower than during the late 1980s 
is likely related to a general shift from economically motivated forest management and 
timber processing (typical for the socialist period) towards more sustainable forest 
management and an increasing valuation of other forest related ecosystem services. Such a 
shift would match European policies and specifically the guiding principles of sustainable 
forestry in Europe (UNECE and FAO 2011), and is supported by the observed decrease in 
coniferous forests and an increasing prevalence of more natural forest compositions. One 
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of the most recent pieces of European forestry policy, the 2013 EU timber regulation, 
specifically targets the reduction of illegal timber markets through monitoring and 
certification schemes. While illegal timber harvesting generally declined in the Carpathians 
after 2000 compared to the transition period, it will be even more so in coming years.  
Agricultural land change during the EU accession period took a different direction than 
those changes observed after the collapse of socialism. The most widespread processes 
were the recultivation of abandoned cropland and the conversion of permanent grasslands. 
While spatial patterns of abandonment during the 1985-2000 period strongly accentuated 
the Romanian and Ukrainian Carpathians, recultivation was prevalent throughout the 
Carpathians as abandoned cropland was brought back into production. Most likely 
European agricultural policies will have impacted land managers decisions to recultivate as 
the CAP enables farmers to receive subsidies that make production economically more 
attractive again. Interestingly, recultivation was also prevalent in the northern Ukrainian 
Carpathian forelands and thus other reasons than the CAP will have played a role here. The 
sharp increase in global agricultural commodity prices during recent years may have made 
crop production viable again, as has been shown recently for example in the mid-western 
U.S. (Wright and Wimberly 2013). Moreover, many areas in Eastern Europe where 
agricultural production is facing yield gaps have, despite protective legal mechanisms, 
become attractive for foreign investments in agriculture as well as for large scale foreign 
land acquisitions (Foley et al. 2011). Indeed, recent recultivation focused heavily on the 
most productive lands, which might suggest that market opportunities and increased 
revenues are more important than subsidy payments. Additionally, EU biofuel directives 
provided incentives for farmers to produce energy crops which led to widespread land 
changes throughout Europe (Borras and Franco 2012). 
So what were the likely effects of the assessed land changes in the Carpathians on 
ecosystem services? First, regional carbon balances likely profited from the net forest 
cover increase that became evident from the results in Chapters IV and V. Based on carbon 
bookkeeping models, Ukrainian and Romanian forests changed from net carbon source to 
carbon sink over the past decades (Kuemmerle et al. 2011), but the effects of the restitution 
process could still result in net carbon emissions in Romania (Olofsson et al. 2011). 
Increased soil carbon sequestration occurred since the conversion of more than 30,000 km² 
of former socialist cropland into grassland or other land cover types. Potentially, this also 
affected different components of the regional hydrologic system positively (DLG 2005). 
While abandonment will eventually result in successional forests and thus create new 
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forest habitats throughout the region which will positively affect biodiversity in some 
ways, the loss of low intensity traditional farming landscapes will have negative effects on 
biodiversity (Fischer et al. 2012; Navarro and Pereira 2012). Prevailing excessive logging 
in certain areas and large scale wind throw disturbances will on the other hand increase the 
risk of flash flooding and landslides (Turnock 2002). Moreover, some logging activities are 
threatening remaining old growth forest and the integrity of protected areas and are calling 
for improved conservation efforts (Knorn et al. 2012a; Knorn et al. 2012b). 
Results from this thesis clearly underline the value long term remote sensing archives in 
general and the Landsat archive specifically for reconstructing past land change. Open 
access to the extensive Landsat data record, the radiometric and geometric accuracy of 
Landsat data as well as new automated preprocessing algorithms have led to a paradigm 
change for Landsat data analysis where now the entire archive can be mined for the best 
observations on a per-pixel basis and new datasets specifically tailored for certain 
applications can be created. As my dissertation demonstrated, increased temporal 
observation frequency can allow for unprecedented process understanding during turbulent 
socio-economic circumstances. Compositing of the Landsat archive allows for the 
generation of consistent large area image datasets that can be used for cost effective land 
cover mapping and change detection. It would be ideal to have both - a high temporal 
detail and a large regional extent - but in reality this is not easily feasible as there are 
tradeoffs related to both approaches. 
For example, while temporal segmentation and fitting of Landsat time series offers several 
key advantages (e.g. reduction of residual noise due to topographic shading) it 
simultaneously poses specific requirements on the imagery that is used. Moreover, the 
ability to describe subtle change processes through increased signal-to-noise ratio or the 
high disturbance detection without requirements for supervised training strongly depend on 
the quality of the time series, specifically the consistency of the provided anniversary 
dates. For analyses conducted in areas with strong seasonality, the incorporation of early or 
late acquisitions will considerably lower the quality of the fitted time series. In any event, 
data availability might not allow for an annual resolution without inclusion of such dates, 
especially in areas with scarce data availability or prevalent cloud coverage (Ju and Roy 
2008; Huang et al. 2009). 
Additionally, annual resolution is well suited to quantify many forest processes and 
moreover seems to be congruent with the annual interval of policy decisions. Nevertheless, 
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the Landsat archive provides even greater temporal depth than that. Yet, most algorithms 
for image classification, time series fitting or change detection require equidistant 
observations, and the Landsat archive is highly heterogeneous regarding the density and 
timing of observations, from the regional down to the pixel level. Thus, the full temporal 
record is not easily utilized in semi-operational approaches. Deriving new features from 
the full archive record, such as the spectral-temporal variability metrics that I utilized in 
this study can do that. Such metrics implicitly utilize the full temporal depth of the Landsat 
record. The developed compositing algorithms and the parametric decision scheme allow 
for the creation of radiometrically and seasonally consistent and application specific 
datasets and metrics which allow the quantification of complex land change trajectories 
over regional to continental scales. Thus in coming years, nested multi-scale approaches 
that utilize deep time series approaches alongside large area compositing approaches can 
be pursued. 
This dissertation demonstrated the exceptional value of the Landsat archive for land 
change research and how improved temporal and extended spatial capabilities can improve 
pattern-process understanding. Landsat time series approaches provide unprecedented 
detail of land changes during turbulent socio-economic conditions when these processes 
often occur non-linearly. Compositing approaches on the other hand allow for cost 
effective wall-to-wall mapping of land cover and large area change detection regardless of 
administrative or ecological boundaries. By applying the developed toolset to the full 
Landsat record, land changes over the extended Carpathian ecoregion could be 
reconstructed with great detail. My results illustrate how forest cover and agricultural land 
changed in the Carpathians during major socio-economic restructuring. Land changes 
following the collapse of socialism were overall more drastic and widespread than those 
following the EU accession but were also of a different quality, i.e. strongly declining 
activities the forestry and agricultural sectors following the collapse and increasing levels 
of land use activities in both sectors following the EU accession. The results indicate the 
importance of underlying drivers of land change and an increasing importance of distant 
markets and transnational policies. The land change products created during this 
dissertation will allow for many interesting follow-up studies for which such datasets are a 
prerequisite. Enhanced land change monitoring capabilities as those developed in this 
dissertation will allow for a more thorough understanding of global land change and thus 
aid mitigating its negative consequences and help meeting the grand challenges that 
humanity faces today. 
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